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Abstract
BACKGROUND
Polygoni Cuspidati Rhizoma et Radix (PCRR), a well-known traditional Chinese medicine (TCM), inhibits inflammation associated with various human diseases. However, the anti-inflammatory effects of PCRR in acute lung injury (ALI) and the underlying mechanisms of action remain unclear.

AIM
To determine the ingredients related to PCRR for treatment of ALI using multiple databases to obtain potential targets for fishing.

METHODS
Recognized and candidate active compounds for PCRR were obtained from Traditional Chinese Medicine Systems Pharmacology, STITCH, and PubMed databases. Target ALI databases were built using the Therapeutic Target, DrugBank, DisGeNET, Online Mendelian Inheritance in Man, and Genetic Association databases. Network pharmacology includes network construction, target prediction, topological feature analysis, and enrichment analysis. Bioinformatics resources from the Database for Annotation, Visualization and Integrated Discovery were utilized for gene ontology biological process and Kyoto Encyclopedia of Genes and Genomes network pathway enrichment analysis, and molecular docking techniques were adopted to verify the combination of major active ingredients and core targets.

RESULTS
Thirteen bioactive compounds corresponding to the 433 PCRR targets were identified. In addition, 128 genes were closely associated with ALI, 60 of which overlapped with PCRR targets and were considered therapeutically relevant. Functional enrichment analysis suggested that PCRR exerted its pharmacological effects in ALI by modulating multiple pathways, including the cell cycle, cell apoptosis, drug metabolism, inflammation, and immune modulation. Molecular docking results revealed a strong associative relationship between the active ingredient and core target.

CONCLUSION
PCRR alleviates ALI symptoms via molecular mechanisms predicted by network pharmacology. This study proposes a strategy to elucidate the mechanisms of TCM at the network pharmacology level.
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Core Tip: This study used network pharmacology and molecular docking to explore the treatment of acute lung injury (ALI) using Polygoni Cuspidati Rhizoma et Radix (PCRR), a traditional Chinese medicine (TCM). Functional enrichment analysis suggested that PCRR alleviated ALI symptoms by modulating multiple pathways, including inflammation, immune modulation, and drug metabolism. We identified 13 bioactive compounds and 60 therapeutically relevant genes. Molecular docking further confirmed the strong association between the active ingredients and core targets. This study provides insights into the mechanisms of TCM at the network pharmacology level for the treatment of ALI.

INTRODUCTION
Acute lung injury (ALI) is a severe and potentially fatal condition that poses a significant threat to health, with high rates of morbidity and mortality[1,2], which is characterized by an excessive lung inflammatory response. Research indicates that the prolonged quality of life is negatively impacted, even in individuals who recover from ALI[3,4]. ALI can be caused by various factors including severe lung infections caused by viruses, Mycoplasma spp., and bacteria. ALI is characterized by pulmonary edema, tissue infiltration by inflammatory cells, and arterial hypoxemia. These clinical features result in damage to the alveolar epithelium and vascular endothelium, ultimately leading to a decrease in lung function[5-7].
Polygoni Cuspidati Rhizoma et Radix (PCRR) has been used in traditional Chinese medicine (TCM) to treat infections and inflammation[8]; its extracts and bioactive constituents exhibit these pharmacological properties[9,10]. However, the effect of PCRR on the pathogenesis of ALI remains unclear, and currently, no effective treatment has been identified.
Network pharmacology is a novel and powerful method in which bioinformatics integrates chemoinformatics, network biology, network analysis, and traditional pharmacology[11]. It is an interactive network that operates on the basis of the 'disease-gene-target-drug' concept. It offers the ability to predict the mechanism of action of drugs to treat diseases from a macro perspective[12]. The advancement of systems biology, bioinformatics, and pharmacology has led to the emergence of network pharmacology as a viable, efficient, and cost-effective approach to drug development. Our study aimed to identify the ingredients related to PCRR using multiple databases to determine potential targets for target fishing. In order to study the interactions between potential PCRR and ALI T targets, we integrated a multi-source database and screened the targets related to ALI. Using topology, we built a protein-protein interaction (PPI) network to analyze the interactions between these targets and the hub targets that were screened. Then the study utilized the Database for Annotation, visualization and integrated discovery (DAVID) bioinformatics resource for gene ontology (GO), biological process (BP), and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis. Molecular docking techniques were also employed to verify the combination of major active ingredients and core targets.

MATERIALS AND METHODS
Figure 1 presents a schematic representation of the PCRR network pharmacology and molecular docking study for the treatment of ALI, which was established through four main steps: Data preparation, construction of pharmacological networks, cluster analysis, and enrichment analysis.

Databases
Traditional Chinese medicine database and analysis platform version 2.3 (TCMSP, https://tcmsp-e.com/), PubChem (https://pubchem.ncbi.nlm.nih.gov), STITCH version 5.0 (http://stitch.embl.de/), Therapeutic Target Database (TDD, http://db.idrblab.net/ttd/ last updated September 29, 2021), DrugBank (https://go.drugbank.com/); DisGeNET version 7.0 (https://www.disgenet.org/), Online Mendelian Inheritance in Man (OMIM, https://omim.org/, updated November 19, 2021), Genetic Association Database (https://geneticassociationdb.nih.gov/); STRING version 11.5 (https://www.string-db.org/), UniProt (http://ctdbase.org/, updated December 18, 2019), DAVID version 6.8 (https://david.ncifcrf.gov/home.jsp), Protein Data Bank (https://www.rcsb.org/) Cytoscape 3.7.2, AutoDock Tools 1.5.6, and Pymol2.1 software were used in this study.

Data preparation
Construction of a database of PCRR components: Data related to the chemical compounds were derived from TCMSP, a unique systems pharmacology platform for Chinese herbal medicines that captures the relationships between drugs, targets, and diseases[13]. In total, 62 PCRR compounds were identified after removing duplicate data.

Screening for active ingredients of PCRR: The active ingredients of PCRR were collected from TCMSP based on the following absorption, distribution, metabolism, and excretion (ADME) parameters: Oral bioavailability (OB) > 30% and drug likeness (DL) > 0.18. The OB value was calculated on a silicon system using the OBioavail 1.1 model to determine the relationship between the compound, cytochrome P450 3A4 enzyme, and transporter (p-glycoprotein). The DL value is used to determine the ability of a prospective compound to become a drug by calculating the similarity between a potential compound and a known drug. Although drug-like compounds are not drugs, they have the potential to become drugs. For example, a bioactive molecule with high OB displays good DL, which is a qualitative concept utilized in drug design to optimize the pharmaceutical and pharmacokinetic properties of molecules, such as chemical stability and solubility. We selected 22 compounds with OB values of > 30% as screening targets. Next, we used TCMs with DL > 0.18 as the selection criteria and obtained 43 potential compounds.

Predicting PCRR targets: We searched for active chemical targets using the TCMSP2.3 (https://tcmsp-e.com/), PubChem (https://pubchem.ncbi.nlm.nih.gov), and STITCH5.0 (http://stitch.embl.de/) databases.

Targets associated with ALI: We collected therapeutic target data for ALI treatment from five resources: (1) Therapeutic Target Database (TTD, http://db.idrblab.net/ttd/); (2) DrugBank (https://go.drugbank.com/); (3) DisGeNET (https://www.disgenet.org/); (4) Online Mendelian Inheritance in Man (OMIM, https://omim.org/); and (5) Genetic Association Database (GAD, https://geneticassociationdb.nih.gov/). In these databases, we used the keyword “acute lung injury” to search for known therapeutic targets of diseases, and all target names were entered into the UniPort website (http://www.uniprot.org/) to search for human target gene names. Then, the ALI-related targets were imported into the DAVID database (http://david.abcc.ncifcrf.gov, version 6.7) for GO enrichment and KEGG network pathway analysis.

PPI network construction
PPIs between human proteins were acquired from the STRING11.5 database (https://www.string-db.rg/). STRING consists of physical and functional interactions integrated from experimental repositories, public text collections, and computational prediction methods[14]. The action target was imported into the STRING database, defined as a human protein, and an interaction relationship was obtained. The result was saved in TSV format, which retained the node (nodes 1 and 2) and combined rate score information.
Network construction was performed in three steps. First, a PPI network of compound targets was developed by linking the compound targets. Second, a PPI network of ALI targets was constructed by linking known PCRR-related targets. Third, a PPI network of the ALI and PCRR targets was developed by intersecting these two networks. Graphical and diagrammatic networks were constructed using Cytoscape (version 3.7.2), a software package used to visualize network analysis.

Cluster analysis
The network analyzer function in Cytoscape 3.7.2 was used to further analyze mutual relations in the network model. Three topological properties, “degree,” “betweenness centrality,” and “closeness centrality” were adopted to estimate target topological importance. In addition, we selected significant cluster modules from the constructed PPI network using CytoHubba in Cytoscape 3.7.2.

GO pathway enrichment analysis
We used DAVID 6.8[15,16] (https://david.ncifcrf.gov/) for GO and KEGG (http://www.kegg.jp/) pathway enrichment analyses. Smaller P values indicated greater enrichment, and only functional annotations with enrichment P values corrected by both Bonferroni and Benjamini (P < 0.05) were selected for further analysis.

Molecular docking verification
Six potential action targets were selected from the top 10 median values in the Cytoscape 3.7.2 software analysis results. We performed molecular docking of six potential targets and key active ingredients. Crystal structures of the target proteins were obtained from the Protein Data Bank (https://www.rcsb.org/). After removing extraneous small molecules from the protein molecules using Pymol 2.1 software, the protein molecules were imported into the AutoDock Tools 1.5.6 software to remove water molecules, add hydrogen atoms, set the atom types, and finally saved as pdbqt files. Compound structures were imported from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/) and energy minimization of the downloaded compounds was performed using Chem3D, followed by conversion to the mol2 format. The small-molecule compounds were imported into the AutoDock Tools 1.5.6. Atomic charges were added, atomic types were assigned, all flexible bonds were made rotatable by default, and finally saved as pdbqt files. Finally, bulk molecular docking was performed using AutoDock Vina. The molecular docking results were analyzed, and the binding interactions of the compounds with the proteins were visualized using the Pymol 2.1 software.

RESULTS
Screening of active PCRR ingredients
A search of the TCMSP database yielded 62 active ingredients for PCRR. Of these, 10 were initially screened based on their ADME parameters, specifically their oral bioavailability (OB) and drug-likeness (DL) (Figure 2). In addition, through comparison with literature data, polydatin[17,18], resveratrol[19,20], and emodin were identified as active ingredients[21,22] with anti-inflammatory effects. After identifying the relevant structure and target data from PubChem, 13 active ingredients and their corresponding targets were identified after the final screening (Figure 3).

Putative target of active PCRR ingredients
PCRR protein targets were searched using the TCMSP, STITCH, and PubChem databases for each of the 13 active chemical components. A total of 433 targets of the active ingredients of PCRR were identified after high-possibility screening and deduplication. In our study, we found that 184 out of the 433 putative targets were shared by two or more of these components (Figure 4). This indicates that these components are likely to be involved in similar biological processes (Figure 5A). This reflects the synergistic effects of multiple components on inflammation and the importance of these targets in the pathogenesis of ALI. These target genes include vascular endothelial growth factor A (VEGFA)[23], transforming growth factor beta-1 (TGFβ1)[24], and acetylcholinesterase[25], which are involved in the response to hypoxia, inflammation, and cell proliferation. Additionally, 184 targets were imported into the DAVID database to conduct KEGG network pathway analysis. The top 10 signal transduction pathways were selected by excluding a wide range of pathways from KEGG enrichment results: Tumor necrosis factor (TNF) signaling pathway, hypoxia-inducible factor-1 (HIF-1) signaling pathway, hosphoinositide 3-Kinase (PI3K)–Akt signaling pathway, estrogen signaling pathway, NF-kappa B (NF-kB) signaling pathway, prolactin signaling pathway, neurotrophin signaling pathway, sphingolipid signaling pathway, ErbB signaling pathway, and VEGF signaling pathway (Figure 5B).

Identification of ALI-related targets
ALI-related targets were identified using various databases, including TTD, DrugBank, DisGeNET, OMIM, and GAD. After compensating for redundant data, 128 ALI-related targets were identified (Figure 6A). Because the database names were irregular, official symbols were converted into UniProt IDs for subsequent analyses. The targets related to ALI were imported into the DAVID database to perform KEGG network pathway analysis. To narrow down the KEGG enrichment results, a selection was made to exclude certain pathways. As a result, the top 10 signal transduction pathways were identified: TNF signaling pathway, NOD-like receptor signaling pathway, NF-kB signaling pathway, HIF-1 signaling pathway, toll-like receptor (TLR) signaling pathway, PI3K–Akt signaling pathway, cytosolic DNA-sensing pathway, T cell receptor signaling pathway, JAK–signal transducer and activator of transcription (STAT) signaling pathway, and p53 signaling pathway (Figure 6B).

PCRR target screening of PCRR in ALI treatment
We identified 60 common targets between PCRR and ALI based on the intersection of protein targets (Figure 7). To construct and analyze the PPI network, we imported fifty eight target genes associated with the active ingredients and ALI into the STRING database.

Construction of PPI network of compound targets
In order to determine the interactive effects of compounds modulated by PCRR, PPI networks of compound targets were developed. These networks consisted of 422 nodes (364 compound targets and 58 compound/ALI targets) and 16702 edges (Figure 8A) and were used to identify the interactions of PCRR-related proteins. To identify significant PCRR-related targets, we considered the median values for degree (39), betweenness centrality (0.003), and closeness centrality (0.45). As a result, we found 25 highly connected nodes with degree greater than 117, betweenness centrality higher than 0.003, and closeness centrality greater than 0.45. (Figure 8B). These targets included STAT3, cellular tumor antigen p53, receptor tyrosine-protein kinase erbB-2, epidermal growth factor receptor, interleukin (IL)-1β, caspase-3 (CASP3), peroxisome proliferator-activated receptor gamma (PPARG), heat shock protein HSP 90-alpha (HSP90AA1), NAD-dependent protein deacetylase sirtuin-1, catenin beta-1, serine/threonine-protein kinase mTOR (MTOR), prostaglandin G/H synthase 2 (PTGS2), transcription factor AP-1, proto-oncogene tyrosine–protein kinase Src, IL6, TNF, nuclear receptor subfamily 3 group A member 1 (ESR1), proto-oncogene c-Fos, RAC-alpha serine/threonine-protein kinase (AKT1), Myc proto-oncogene protein, VEGFA, C-X-C motif chemokine 8, G1/S-specific cyclin-D1, matrix metalloproteinase-9 (MMP9), and mitogen-activated protein kinase 3.

Identification of candidate protein targets associated with ALI
PPI networks of ALI-related targets were developed to identify the interactions of ALI-related targets with 125 nodes (ASCL1, TFF1, and TFF2 were not involved in protein interactions) and 3498 edges (Figure 9A). Significant ALI-related targets were identified as highly connected nodes with degree > 27, betweenness centrality > 0.49, and closeness centrality > 0.5, based on the median values for these measures (Figure 9B). These targets included PTGS2, cytochrome P450 2E1, PPARG, CASP3, IL1β, IL-2, heme oxygenase 1, platelet endothelial cell (EC) adhesion molecule, kinase insert domain receptor, MMP9, intercellular adhesion molecule 1 (ICAM1), TGFβ1, caveolin-1, integrin beta-2, nitric oxide synthase, IL-10, prothrombin, TLR4, TLR2, interferon beta, VEGFA, C-C motif chemokine 2 (CCL2), serum albumin, catalase, TNF, and IL-6.

Construction of active ingredient-disease-target network
A network of interacting targets was identified using Cytoscape, comprising of 58 targets. PIM1 and DRD1 were not involved in any protein interactions. The network consisted of a total of 1144 edges, which represented the interactions between the proteins (Figure 10).

Cluster analysis
The analysis of the active ingredient-disease-target PPI network was conducted using three key parameters: degree, betweenness centrality, and closeness centrality, to identify topological features.In order to identify important targets, we considered those with median values above certain thresholds (“degree” ≥ 19.72, “betweenness centrality” ≥ 0.014, and “closeness centrality” ≥ 0.585). The results yielded 27 hub nodes and 296 edges (Figure 11A). The 27 key targets were analyzed using CytoHubba and ranked by MCC for the top 10 nodes (Figure 11C). The top ten targets were MMP9, CCL2, IL6, IL1B, ICAM1, TNF, VEGFA, PPARG, CASP3, and PTGS2 (Figure 11B).

GO BP and KEGG pathway enrichment analysis
Enrichment analysis was conducted using DAVID 6.8 on 58 targets, with a screening threshold of FDR < 0.01. Our analysis identified 83 GO items and eight KEGG pathways that were deemed relevant for further investigation.

GO BP enrichment analysis: We ranked the 83 projects based on their FDR values and identified the top 25 biological processes (Figure 12A). They are primarily involved in apoptosis, proliferation, inflammatory responses, angiogenesis, and drug response. We identified the extrinsic apoptotic signaling pathway in the absence of a ligand (GO:0097192), negative regulation of the apoptotic process (GO:0043066), and the intrinsic apoptotic signaling pathway in response to DNA damage (GO:0008630). Regarding the regulation of proliferation, we identified positive regulation of cell proliferation (GO:0008284), regulation of cell proliferation (GO:0042127), positive regulation of cell migration (GO:0030335), positive regulation of gene expression (GO:0010628), and positive regulation of transcription from RNA polymerase II promoter (GO:0045944). To regulate the inflammatory response, we identified the cellular responses to lipopolysaccharide (GO:0071222), inflammatory response (GO:0006954), response to lipopolysaccharide (GO:0032496), and positive regulation of the nitric oxide biosynthetic process (GO:0045429). Finally, in drug response regulation, we identified drug metabolic process (GO:0017144), exogenous drug catabolic process (GO:0042738), and response to drugs (GO:0042493). Based on these five aspects, the therapeutic effect of PCRR on ALI may result from a complex multi-pathway synergetic effect.

KEGG pathway enrichment analysis: To investigate the possible mechanism behind the therapeutic effect of PCRR on ALI, we performed a KEGG pathway enrichment analysis on 60 targets. We screened eight pathways based on a threshold of FDR < 0.01 after excluding a wide range of pathways, including the TNF signaling pathway (hsa04668), HIF-1 signaling pathway (hsa04066), NF-kB signaling pathway (hsa04064), NOD-like receptor signaling pathway (hsa04621), pathways in cancer (hsa05200), T cell receptor signaling pathway (hsa04660), PI3K–Akt signaling pathway (hsa04151), and TLR signaling pathway (hsa04620) (Figure 12-B). We also established a target pathway network based on the PCRR targets in each pathway (Figure 12C). The study's inclusion of mainstream pathways for ALI clinical research and drug treatment lends credibility to its findings. PCRR has multiple anti-inflammatory targets that are abundant and have a highly reliable mechanism of action.

Molecular docking results and analysis
In this study, four compounds (emodin, polydatin, quercetin, and resveratrol) were molecularly docked to IL-6 (PDB ID:4O9H), AKT1 (PDB ID:2UZW), VEGFA (PDB ID:5DN2), PI3K (PDB ID:6PYS), MMP9 (PDB ID: AF-P41245-F1), and HIF-1α (PDB ID:5L9B). According to our findings, the docking score between components and proteins is considered meaningful when it is below -5 kcal/moL. The molecular docking results revealed that most compounds bonded well to the target proteins, with a good match (binding energy of < -5 kcal/moL). These six targets exhibited different binding abilities for the active components of PCRR. Among them, the lowest binding energy was that of polydatin to AKT, with a binding energy of -9.97 kJ/moL, followed by emodin to PI3K with a binding energy of -9.18 kJ/moL, polydatin to HIF-1α at -8.74 kJ/moL, polydatin to MMP9 at -8.61 kJ/moL, polydatin to IL-6 at -7.49 kJ/moL, and polydatin to VEGFA at -7.17kJ/moL. The molecular docking of the ingredients with key targets is demonstrated in Figures 13.

DISCUSSION
Network pharmacology has attracted increasing attention as a tool for analyzing the potential mechanisms of TCM in the treatment of diseases. TCM is a systematic theoretical approach. Herbal medicines contain various components that have coordinated and integrated roles. Thus, fully elucidating the mechanisms of action of TCMs by analyzing individual ingredients or targets is difficult. To establish the molecular mechanism of TCM in treating diseases, it is crucial to utilize network pharmacology based on big data bioinformatics. The chemical components isolated from PCRR include polydatin, resveratrol, and emodin, which are used to treat inflammatory diseases[26,27]. The main mechanism of ALI treatment using PCRR should be characterized by multiple components, targets, and pathways. Therefore, we explored this potential mechanism using a network pharmacology approach.
Through data screening, 13 active ingredients were identified: Quercetin, resveratrol, luteolin, emodin, beta-sitosterol, rhein, physovenine, (+)-catechin, polydatin, 6, 8-dihydroxy-7-methoxyxanthone, picralinal, physcion diglucoside, and torachrysone-8-O-beta-D-(6´-oxayl)-glucoside. Among them, quercetin has been proven to reduce inflammation and enhance immune function by inhibiting the levels of TNF-α and IL-1α via the TNF, PI3K-Akt, or TLR signaling pathways[28,29]. Resveratrol is well known for its anti-inflammatory and anti-apoptotic properties and has been demonstrated to significantly improve sepsis-induced acute respiratory distress syndrome by decreasing the release of proinflammatory factors and the ratio of alveolar macrophage apoptosis[30]. The attenuation of lung injury by luteolin may be explained by the attenuation of the inflammatory response via the ICAM-1, NF-kB, and partial iNOS signaling pathways[31]; emodin can inhibit the mTOR/HIF-1/VEGF pathway to alleviate ALI[32]. In conclusion, these active ingredients form the basis for the potential effects of PCRR on ALI. Based on the analysis of the target-pathway network and GO-BP analysis results, the potential mechanism of treating ALI using PCRR is probably related to its participation in cell apoptosis, proliferation, inflammatory response, and angiogenesis.

Cell apoptosis
Excessive or inadequate apoptosis contributes to the pathogenesis of various diseases[33]. ECs express abundant VEGF, which promotes EC survival and maintains normal pH. When ECs are affected by adverse external factors, various factors (TNF-α and angiotensin II) are produced, resulting in cell apoptosis. Transcription factors such as HIF[34] regulate VEGFA through direct promoter binding. Experimental studies have indicated that the components that act on VEGF-A and include luteolin, quercetin, resveratrol, and emodin.

Cell proliferation
Lung epithelial injury results in the release of various soluble factors from fibroblasts, ECs, macrophages, injured and adjacent epithelial cells, underlying stroma, and plasma exudates. The PI3K-Akt signaling pathway plays a crucial role in regulating cell proliferation and is also involved in the development of inflammatory diseases[35]. The MMP family of enzymes is not normally expressed in healthy tissues[36]. After epithelial cell damage, MPP9 expression is elevated, and its inhibition enhances wound repair. Components such as luteolin, quercetin, and resveratrol in PCRR may affect cell proliferation by inhibiting MMP9 expression via the PI3K-Akt signaling pathway.

Inflammatory response
Inflammatory responses play important roles in its initiation and maintenance[37]. Proinflammatory cytokines, such as TNF-α and IL-1β, increase lung epithelium permeability, further inducing lung tissue injury and neutrophil accumulation, leading to pulmonary edema[38]. Increased IL-6 levels in ALI are associated with increased mortality and have been identified as biomarkers for monitoring ALI[39]. Pulmonary infections caused by polybiliary lipid compounds are among the most common causes of ALI. Lipid-polybiliary compounds bind to cell-surface receptors, which may increase inflammation and activate oxidative stress and an inflammatory cascade via the TLR4/NF-kB signaling pathway[40]. Quercetin suppresses TNF-induced apoptosis and inflammation by blocking the NF-kB signaling pathway[41]. Therefore, PCRR can inhibit inflammation by reducing TNF-α, IL-1β, and IL-6 levels by regulating the NF-kB signaling pathway.

Angiogenesis
Hypoxia, which is a low oxygen tension, results in the activation of genes that are responsible for various functions such as angiogenesis, iron metabolism, glucose metabolism, and cell proliferation/survival. The primary factor mediating this response is HIF-1[42]. VEGF plays a crucial role in promoting angiogenesis by exerting mitogenic and anti-apoptotic effects on endothelial cells (ECs), enhancing vascular permeability, and facilitating cell migration. The possible mechanism of PCRR in ALI treatment is related to upregulated antioxidant activity, angiogenesis promotion, and endothelial barrier repair through the HIF-1α/VEGF signaling pathway.

CONCLUSION
Using network pharmacology and molecular docking, we predicted the targets of the PCRR ingredients and explored the underlying mechanism of their potential therapeutic effects on ALI, focusing on four aspects: Inhibition of abnormal cell apoptosis, promotion of cell proliferation, reduction of systemic inflammatory response, and promotion of angiogenesis. After conducting a thorough analysis of signaling pathways, it was determined that the PI3K-Akt, HIF-1, and NF-kB pathways were the primary pathways responsible for the therapeutic effects of PCRR in ALI. PCRR may act on relevant targets, such as IL-6, AKT1, VEGFA, PI3K, MMP9, and HIF-1α, to inhibit abnormal cell apoptosis, promote cell proliferation, reduce systemic inflammatory response, and inhibition angiogenesis. TCMs consist of a combination of intricate ingredients that target various pathways and receptors, posing a challenge when attempting to analyze the mechanisms of action of their active components. The biological processes, molecular functions, and signaling pathways enriched by these targets were used to clarify the integral regulation of PCRR in ALI treatment, especially in the induction of infectious diseases, providing an important theoretical basis for subsequent experimental studies.
This study had some limitations. In this study, we employed network pharmacology and molecular docking techniques to forecast the mechanism of action of PCRR in the treatment of ALI. However, we did not conduct experimental verification to support our findings. Therefore, future studies should include cellular or animal experiments to confirm the conclusions of this study.

ARTICLE HIGHLIGHTS
Research background
The background of this study is focused on Polygoni Cuspidati Rhizoma et Radix (PCRR), a traditional Chinese medicine (TCM) known for its anti-inflammatory effects in various human diseases. However, the anti-inflammatory effects and mechanisms of action of PCRR on acute lung injury (ALI) remain unclear. This study aimed to identify the active ingredients of PCRR for the treatment of ALI using multiple databases to obtain potential targets. In this study, a combination of network pharmacology, bioinformatics, and molecular docking techniques were used to investigate the mechanism of action of PCRR in ALI. The identification of these active ingredients and potential targets for treatment could lead to further research to evaluate the efficacy of PCRR as a therapeutic option for ALI.

Research motivation
The research motivation for this study is to explore the anti-inflammatory effects and underlying mechanisms of PCRR on ALI. Despite the known benefits of PCRR in the treatment of various inflammatory diseases, its effectiveness and mechanism of action in ALI are not fully understood. The objective of this study was to use network pharmacology and molecular docking techniques to identify active compounds and potential targets of PCRR for the treatment of ALI. The ultimate goal of this study was to propose a strategy to elucidate the mechanisms of TCM at the network pharmacology level and to provide insights into the development of novel therapeutic options for ALI.

Research objectives
The active compounds in PCRR are involved in the treatment of ALI. Multiple databases were used to identify potential targets for fishing and target genes closely associated with ALI. Network pharmacology and bioinformatics resources were utilized to predict the molecular mechanisms of PCRR in ALI. Verification of the combination of major active ingredients and core targets using molecular docking techniques. In this study, we present a proposed strategy to better understand the mechanisms of TCM through network pharmacology. Additionally, we emphasize the potential therapeutic benefits of PCRR in treating ALI.

Research methods
The active compounds of PCRR were identified through data collected from various databases including Traditional Chinese Medicine Systems Pharmacology, STITCH, and PubMed. Target ALI databases were built using the Therapeutic Target, DrugBank, DisGeNET, Online Mendelian Inheritance in Man, and Genetic Association databases. Network pharmacology analysis Network construction, target prediction, topological feature analysis, and enrichment analysis were conducted to determine the potential targets and molecular mechanisms of PCRR in ALI. Bioinformatics analysis: Gene Ontology biological processes and Kyoto Encyclopedia of Genes and Genomes network pathway enrichment analyses were performed using bioinformatics resources from the Database for Annotation, Visualization, and Integrated Discovery. The combination of major active ingredients and core targets was verified using molecular docking techniques.

Research results
Thirteen bioactive compounds corresponding to the 433 PCRR targets were identified. A total of 128 genes closely associated with ALI were identified, out of which 60 genes overlapped with potential therapeutic targets identified by PCRR. These 60 genes were considered to be relevant for developing therapeutic interventions for ALI. According to functional enrichment analysis, PCRR was found to have pharmacological effects on ALI by regulating various pathways such as the cell cycle, apoptosis, drug metabolism, inflammation, and immune modulation. Molecular docking results revealed a strong associative relationship between the active ingredient and core target. This study suggests a method for understanding how TCM works at the network pharmacology level. Additionally, it emphasizes the potential of PCRR as a treatment for ALI. Overall, these results provide important insights into the potential therapeutic effects and mechanisms of action of PCRR in ALI, which could lead to further research evaluating the efficacy of PCRR as a therapeutic option for ALI.

Research conclusions
This study identified 13 bioactive compounds in PCRR that are related to the treatment of ALI. Using network pharmacology and molecular docking techniques, we identified potential targets of PCRR in ALI and predicted the molecular mechanisms underlying its therapeutic effects. The findings of this study indicate that PCRR may have a beneficial impact on reducing inflammation in patients with ALI by regulating various pathways such as the cell cycle, cell apoptosis, drug metabolism, inflammation, and immune modulation. Overall, This study presents a network pharmacology-based approach to understand the mechanisms of TCM and emphasizes the therapeutic benefits of PCRR in treating ALI.

Research perspectives
However, further experimental validation is required to confirm the predicted molecular mechanisms and therapeutic effects of PCRR in ALI. Future studies should explore the optimal dosage and administration methods for PCRR in treating ALI, as well as the potential adverse effects. Novel active ingredients and targets related to PCRR for the treatment of ALI can be identified through database mining and experimental verification. The network pharmacology approach used in this study can be applied to investigate the mechanisms of action of other TCMs and their potential therapeutic effects in various diseases. The integration of multiple omics data and machine learning techniques could enhance the accuracy and efficiency of predicting drug-target interactions and uncover the molecular mechanisms of TCM.
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Figure Legends
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Figure 1 Schematic representation of network pharmacology study of Polygoni Cuspidati Rhizoma Et Radix in the treatment of acute lung injury. PCRR: Polygoni Cuspidati Rhizoma Et Radix; ALI: Acute lung injury; PPI: Protein–protein interaction; KEGG: Kyoto Encyclopedia of Genes and Genomes.
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Figure 2 The active ingredients of Polygoni Cuspidati Rhizoma et Radix, orange round rectangles represent the 13 active ingredients selected finally. 
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Figure 3 Thirteen active compounds from Polygoni Cuspidati Rhizoma et Radix. OB: Oral bioavailability; DL: Drug likeness.
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Figure 4 Construction of the protein-protein interaction network of durg active compounds and associated targets. Orange represents active compounds of durg. Blue represents gene symbols of targets
[image: ]
Figure 5 The putative target of active Polygoni Cuspidati Rhizoma et Radix ingredients. A: Biological processes analysis for targets of active ingredients of Polygoni Cuspidati Rhizoma et Radix; B: Kyoto Encyclopedia of Genes and Genomes pathways through enrichment method to indicate the top 10 signaling pathways of active ingredients of Polygoni Cuspidati Rhizoma et Radix. HIF-1: Hypoxia-inducible factor-1; TNF: Tumor necrosis factor; FDR: False discovery rate.
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Figure 6 Identification of acute lung injury-Related targets. A: The related targets of acute lung injury; B: Kyoto Encyclopedia of Genes and Genomes pathways through enrichment method to indicate the top 10 signaling pathways of the related targets of acute lung injury. HIF-1: Hypoxia-inducible factor-1; TNF: Tumor necrosis factor; ALI: Acute lung injury.
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Figure 7 Venn diagram summarizing differentially expressed targets of Polygoni Cuspidati Rhizoma et Radix and acute lung injury. A: Indicates gene targets of Polygoni Cuspidati Rhizoma et Radix; B: Indicates gene targets related to acute lung injury. The common part of A and B indicates the 58 overlapping genes between the disease and drug. ALI: Acute lung injury.
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Figure 8 Construction of protein-protein interaction network of compound targets. A: The protein-protein interaction networks of compound targets. The purple nodes represent compound targets, and the pink nodes stand for common targets of disease and drugs; B The significant Polygoni Cuspidati Rhizoma et Radix-related targets after topology analysis. 
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Figure 9 Identification of candidate protein targets associated with acute lung injury. A: The protein-protein interaction networks of acute lung injury-related targets. The node color changes from light to dark reflect the degree value changes from low to high in the network; B: The significant Polygoni Cuspidati Rhizoma et Radix-related targets after topology analysis.
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Figure 10 Protein–protein interaction Network graph of 58 Hub Nodes based on their direct interactions for Polygoni Cuspidati Rhizoma et Radix in acute lung injury. 
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Figure 11 Cluster analysis. A: The 27 active ingredient-disease- targets of after topology analysis; B: The top 10 active ingredient-disease- targets after cytoHubba and MCC tool; C: Identifcation of candidate Polygoni Cuspidati Rhizoma et Radix -related targets for acute lung injury treatment through protein–protein interaction network. 27 candidate targets are finally predicted. BC: Betweenness centrality; CC: Closeness centrality.
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Figure 12 Gene ontology biological process and Kyoto encyclopedia of genes and genomes pathway enrichment analysis. A: The gene ontology Biological process enrichment analysis of 58 targets. The top 25 significantly enriched terms in Biological process; B: The Kyoto encyclopedia of genes and genomes pathway enrichment analysis of 60 targets. The top 8 significant pathways for 60 targets; C: Target-Pathway Network. The orange rounds represent Polygoni Cuspidati Rhizoma Et Radix-related targets. The node size is proportional to the target degree in the network. The green round rectangles represent the related pathways. TNF: Tumor necrosis factor; NOD: NOD-like receptor; NF-kappa B: Nuclear factor kappa-B; HIF: Hypoxia-inducible factor-1.
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Figure 13 Molecular docking results. A: The binding mode of RAC-alpha serine/threonine-protein kinase with Polydatin; B: The binding mode of Phosphoinositide 3-Kinase with Emodin; C: The binding mode of hypoxia-inducible factor-1a with Polydatin; D: The binding mode of matrix metalloproteinase-9 with Polydatin; E: The binding mode of IL6 with Polydatin; F: The binding mode of VEGFA with Polydatin. “a” is the 3D structure of the complex, “b” shows the hydrogen bond donor receptor network of the complex, “c” is the 2D binding mode of the complex. AKT: RAC-alpha serine/threonine-protein kinase; PI3K: Phosphoinositide 3-Kinase; HIF1a: hypoxia-inducible factor-1a; MMP9: Matrix metalloproteinase-9; IL6: Interleukin-6; VEGFA: Vascular endothelial growth factor A.
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