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Abstract: Background: Traditional Chinese medicine QingYiHuaJi formula (QYHJ) has anti-tumor effect in Pancreatic 

adenocarcinoma (PAAD). However, the potential mechanism and key targets of QYHJ have not been fully elucidated. 
Objectives: The aim of this study was to explore the underlying mechanisms and key targets of QYHJ in PAAD treatment. 

Methods: The overlapping genes between the targets of QYHJ and the common differentially expressed genes (Co-DEGs) 

identified in PAAD were selected as potential QYHJ for PAAD-related genes. The protein-protein interaction (PPI) 

network analysis, functional enrichment and pathways analyses were performed. ROC curve and Cox regression model 

were used to evaluate the diagnostic and prognosis value. Correlation between hub genes and immune cell infiltration were 

further analyzed. Results: A total of 9 hub genes (PTGS2, BCL2L1, ICAM1, MET, NQO1, MMP3, NFATC1, CCNB1, 

ERBB3) were identified. These hub genes were linked to inflammation, oxidative stress and apoptosis related signaling 

pathways. ROC analysis showed that 8 hub genes may serve as potential diagnostic markers. Survival analysis indicated 

that 6 genes (BCL2L1, CCNB1, ERBB3, MET, MMP3 and NFATC1) were closely related to prognosis of the PAAD 

patients. Cox regression analysis demonstrated that the model developed using the hub gene signature exhibited strong 

predictive capacity for clinical outcome. ICAM1, MET, NQO1 and ERBB3 were associated with infiltration of Th2 and 

Th17 immune cells. The low-risk group exhibited better drug sensitivity. Conclusion: These hub genes related to QYHJ 

have diagnostic value and may serve as potential prognostic and drug sensitivity biomarkers for PAAD. 
 

Keywords: Bioinformatics; Network pharmacology; Pancreatic adenocarcinoma; Prognosis; Qingyihuaji formula 
 

Submitted on 19-03-2025 – Revised on 24-11-2025 – Accepted on 01-12-2025   
 

INTRODUCTION 
 

Pancreatic adenocarcinoma (PAAD) is a highly aggressive 

tumor characterized by a low survival rate (Khalaf et al., 

2021; Klein, 2021). Its poor prognosis results from 

aggressive behavior, treatment resistance and the absence 

of early diagnostic methods. Surgical resection remains the 

primary treatment for early-stage PAAD; however, over 80% 

of patients are diagnosed at an advanced stage and are 

ineligible for curative surgery (Park et al., 2021). Although 

chemotherapy and radiotherapy are established treatments, 

new treatment strategies have also been explored; 

nevertheless, there has been no significant improvement in 

overall survival rates among patients with metastatic 

disease in recent year (Siegel et al., 2023). 
 

Traditional Chinese Medicine (TCM) has garnered 

significant interest from scholars due to its safety, 

effectiveness and low cost. This study aimed to improve 

the survival rate of PAAD patients through TCM therapy. 

The Qingyihuaji formula (QYHJ) was created by Professor 

Luming Liu based on the principle of “clear away heat and 

remove dampness.” This approach has been utilized as a 

complementary therapy for PAAD treatment; it has  

demonstrated significant efficacy in enhancing the survival 

rates of individuals diagnosed with PAAD. QYHJ 

suppresses tumor proliferation and significantly improves 

survival rates in patients with advanced PAAD (Song et al., 

2017). Mechanistically, the underlying mechanisms 

include downregulating immunosuppressive factors and 

metastasis-related genes, improving immune status, 

regulating the tumor microenvironment, reducing S phase 

cell proportion to inhibit tumor proliferation and 

modulating MAPK, PI3K-Akt and Foxo signaling 

pathways to suppress protein expression (Jing et al., 2020). 

However, owing to the complex compounds in TCM 

formulas, the mechanism and key targets of QYHJ in 

PAAD have not been fully clarified. 
 

At present, network pharmacology is a novel tool used to 

study relationships among drugs, diseases and targets. It 

can predict and identify the basis of drug components, 

thereby aiding the understanding of mechanisms within 

drug effect networks (Liu et al., 2018; Qian et al., 2020). 

Using this method, it has been found that the DuhuoJisheng 

decoction (DHJSD) could improve intervertebral disc 

degeneration (IVDD) by regulating pyroptosis (Guo et al., 

2023). It has been reported that the anti-gout mechanism of 

WuweiShexiang Pill (WSP) was related to the modulation 

of metabolic and biosynthetic pathways by combining 

network pharmacology and metabolomics analyses (Lang *Corresponding author: e-mail: shijiemin871007@126.com 
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et al., 2023). In addition, it has been identified key 

signaling pathway and the key targets of kaempferol using 

network pharmacology (Zhang et al., 2023). Recently, 

novel molecular targets were identified for intervention in 

PAAD from the Cancer Genome Atlas (TCGA) and Gene 

Expression Omnibus (GEO) databases. Therefore, 

integrating network pharmacology and bioinformatics 

analysis may be a novel approach to elucidate the targeting 

hub genes and mechanisms of QYHJ for PAAD therapy. 

This approach also provides a valuable opportunity to 

explore the pathogenesis of PAAD. 
 

In this study, we aimed to identify target genes of the main 

components of QYHJ for PAAD treatment. Differentially 

expressed genes (DEGs) were identified by comparing 

normal samples to PAAD samples obtained from the GEO 

and TCGA databases.  Subsequently, a network named 

“targets of QYHJ - targets of PAAD” was constructed to 

identify target genes shared by QYHJ components and the 

DEGs in PAAD. Hub genes were identified by analyzing 

protein-protein interactions (PPI) using the STRING 

database. Furthermore, bioinformatics was used to explore 

the functions and pathways of hub genes. Moreover, the 

diagnostic and prognostic value of the hub genes was 

assessed through receiver operating characteristic (ROC) 

curves and Cox regression analysis. The correlation 

between key genes and immune cell infiltration was 

investigated using single-sample gene set enrichment 

analysis (ssGSEA). Finally, we utilized drug susceptibility 

information derived from the Genomics of Drug 

Sensitivity in Cancer (GDSC) to predict the responsiveness 

of various subtypes of PAAD to anticancer drugs. This 

study will be helpful in exploring potential diagnostic and 

prognostic biomarkers and in understanding the 

mechanisms and key targets of QYHJ in PAAD treatment. 
 

MATERIALS AND METHODS 
 

Screening of active ingredients in QYHJ 

QYHJ contains six traditional Chinese herbs: 

Amorphophallus Sinensis Belval (Sheliugu), Hedyotis 

Diffusae Herba (Baihuasheshecao), Scutellariae Barbatae 

herba (Banzhilian), Coicis Semen (Yiyiren), Alpinia 

Katsumadai Hayat (Baidoukou) and Gynostemmae 

Pentaphylli Herba (Jiaogulan). The compounds of each 

herb utilized in QYHJ were gathered from the Chinese 

Medicine Systems Pharmacology Database and Analysis 

Platform (Ru et al., 2014). The active ingredients of herbal 

in QYHJ were selected for further analysis according to 

oral bioavailability (OB) >30% and drug-likeness 

(DL) >0.18 (Lee et al., 2018) based on the pharmacokinetic 

properties of absorption, distribution, metabolism and 

excretion (ADME). 
 

Prediction of targets in QYHJ 

Prediction of the targets of QYHJ was carried out in the 

following steps. First, potential targets of the active 

ingredients from the six herbs were predicted using the 

TCMSP database. Then, these targets were translated into 

gene names by utilizing the UniProt Knowledgebase 

database (UniProtKB. Available at:  

https://www.uniprot.org. Accessed 15 May 2024). 
 

PAAD datasets collection and processing 

PAAD dataset (TCGA-PAAD) was downloaded using 

TCGAbiolinks package (version 2.36.0) from TCGA 

(https://portal.gdc.cancer.gov/). Following the removal of 

samples that did not contain clinical information, data were 

acquired from a total of 177 samples, which included 173 

tumor samples (PAAD group) and 4 normal samples 

adjacent to cancer (normal group).  
 

All data were normalized to the Fragments Per Kilobase 

per Million (FPKM) format. Sample information was 

obtained from the UCSC Xena database (Goldman et al., 

2020). The TCGA-PAAD dataset was used as a test set. 
 

PAAD datasets, GSE62452 and GSE57495, were acquired 

from the GEO database (Gene Expression Omnibus. 

Available at: https://www.ncbi.nlm.nih.gov/geo/, Accessed 

15 May 2024) using the GEOquery package (version 

2.76.0). GSE62452 is based on the GPL6244 platform, 

specifically the Affymetrix Human Gene 1.0 ST Array 

[transcript (gene) version] and comprises 69 PAAD and 61 

normal samples. GSE57495 utilizes the GPL15048 

platform, which corresponds to the Rosetta/Merck Human 

RSTA Custom Affymetrix 2.0 Microarray 

[HuRSTA_2a520709.CDF] and includes 63 PAAD tissue 

samples. All samples from these two datasets were selected 

for analysis. We used the SVApackage (version 2.2.0) to 

eliminate batch effects between the datasets and obtained a 

combined dataset (GEO-combined) used as the validation 

set; this combined dataset includes 132 PAAD samples and 

61 normal samples. 
 

Screening of differently expression genes  

DEGs were analyzed in TCGA-PAAD and GEO-combined 

datasets using the limma package (version 3.64.1) (Ritchie 

et al., 2015). The screening criteria for DEGs were |log2FC|> 

0 and p-value< 0.05. Genes with log2FC>0 and p-value< 

0.05 were categorized as upregulated, while genes with 

log2FC<0 and p-value<0.05 were categorized as 

downregulated. Volcano plots of DEGs in the TCGA-

PAAD and GEO-combined datasets were generated. By 

intersecting the DEGs from these two datasets, we obtained 

common DEGs (co-DEGs) between the TCGA-PAAD and 

GEO-combined datasets. 
 

Identification of QYHJ for PAAD-related genes 

The gene set of QYHJ for PAAD-related genes was 

obtained by intersecting the screened QYHJ targets with 

Co-DEGs. Subsequently, a network of TCM-ingredients-

targets was constructed. Heatmaps of TCGA-PAAD and 

GEO-combined datasets were plotted based on the 

expression profiles of the QYHJ for PAAD-related genes. 
 

Protein-protein interaction network 

A protein-protein interaction (PPI) network among QYHJ 

for PAAD-related genes was constructed using STRING 
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(PPI Networks Function Enrichment Analysis. Available at: 

https://string-db.org. Accessed 18 May 2024). Homo 

sapiens was selected as the annotated species, with a 

threshold criterion established at a minimum correlation 

coefficient exceeding 0.400. Cytoscape (version 3.10.2) 

software was used to construct PPI network. In addition, 

score was calculated using the degree (Degree Correlation), 

Maximum Neighborhood Component (MNC), Maximal 

Clique Centrality (MCC), Edge Percolated Component 

(EPC) and Closeness Centrality using the CytoHubba 

plugin. Ultimately, the intersection of the ten most 

significant genes identified by the algorithms was chosen 

as hub genes. 
 

Function and pathway enrichment of hub genes 

Gene Ontology (GO) and the Kyoto Encyclopedia of 

Genes and Genomes (KEGG) analyses for hub genes were 

performed using the ClusterProfiler package (version 

4.16.0). The analyses were based on specific selection 

criteria: p.adjust < 0.05 and p-values corrected by the 

Benjamini-Hochberg (BH) method. 
 

Prognosis value of hub genes in PAAD 

To evaluate the prognostic value of hub genes in PAAD, 

we performed Cox regression analyses to assess the 

correlation between hub genes expression and survival 

status in the TCGA-PAAD dataset. Using the results of the 

Cox regression analysis, we employed the rms package 

(version 8.0.0) to create a nomogram that calculated a total 

score to predict the probability of clinical outcomes. 

Additionally, the ggDCA package (version 1.1) was used 

to conduct a decision curve analysis (DCA), which allowed 

assessment of the model’s applicability. 
 

Functional similarity and gene mutation analysis of hub 

genes  

The GOSemSim package (version 2.34.0) was utilized to 

assess the functional similarity among hub genes. It also 

computed the geometric means of the functional similarity 

scores across the biological process (BP), cellular 

component (CC) and molecular function (MF) categories, 

producing an overall similarity score. The ggplot2 package 

(version 3.5.2) was employed to illustrate the functional 

similarity assessment. Additionally, hub gene mutations in 

the TCGA-PAAD dataset were analyzed using cBioPortal 

(cBioPortal for Cancer Genomics. Available at: 

https://cbioportal.org. Accessed 19 May 2024). 

 

Single sample gene set enrichment analysis (ssGSEA) 

The GOSemSim package (version 2.34.0) was utilized to 

assess the functional similarity among hub genes. It also 

calculated the geometric means of the functional similarity 

scores across the biological process (BP), cellular 

component (CC) and molecular function (MF) categories, 

producing an overall similarity score. The ggplot2 package 

(version 3.5.2) was employed to illustrate the functional 

similarity assessment. Additionally, hub gene mutations in 

the TCGA-PAAD dataset were analyzed using cBioPortal 

(cBioPortal for Cancer Genomics. Available at: 

https://cbioportal.org, Accessed 19 May 2024). 
 

Drug sensitivity analysis 

Genomics of Drug Sensitivity in Cancer (GDSC. Available 

at: https://www.cancerRxgene.org, Accessed 20 May 2024) 

was used to identify drug response data and genomic 

markers associated with drug sensitivity in cancer. 

Specifically, the pRRophetic algorithm was used to 

calculate the IC50 values based on the TCGA-PAAD 

dataset to predict sensitivity to anticancer agents, including 

small-molecule compounds. Subsequently, we compared 

the differences in drug sensitivity between high-risk and 

low-risk groups. 
 

Statistical analysis 

R software (Version 4.2.2) was used for statistical analyses. 

To ensure the reproducibility of our results, we fixed the 

random seed across all randomized operations. To compare 

the statistical differences between two groups of 

continuous data with a normal distribution, the t-test was 

used. For continuous data with non-normal distributions, 

the Mann-Whitney U test was used to assess differences. 

Moreover, the Kruskal-Wallis test was used for 

comparison of differences among more than two groups. 

Statistical significance among groups with categorical data 

was analyzed using the Chi-square test or Fisher's exact test. 

Spearman correlation analysis was performed to calculate 

correlation coefficients among various molecules. Survival 

outcomes between the two groups were assessed using 

Kaplan-Meier curves and log-rank test. Furthermore, the 

diagnostic potential of hub genes for PAAD was evaluated 

using Receiver Operating Characteristic (ROC) curves. A 

p-value less than 0.05 was considered statistically 

significant. 
 

RESULTS 
 

Screening of QYHJ for PAAD-related genes 

The workflow is shown in Fig 1. Seventy active ingredients 

of QYHJ were identified from the TCMSP database 

(Table1). Among these compounds, Baihuasheshecao has 

seven compounds, Banzhilian has twenty-nine, BaiDoukou 

has twelve, Yiyiren has nine, Jiaogulan has twenty-four and 

Sheliugu has six. Some compounds are shared by two or 

more herbs, such as campesterol and rhamnazin, which are 

shared by Jiaogulan and Banzhilian. Cholestanol (CLR) 

and sitosterol are shared by Yiyiren, Sheliugu, Jiaogulan 

and Banzhilian. β-sitosterol is shared by BaiDoukou, 

Baihuasheshecao and Banzhilian. Luteolin is shared 

between BaiDoukou and Banzhilian. Quercetin is found in 

BaiDoukou, Jiaogulan, Baihuasheshecao and Banzhilian. 

Sheliugu, Yiyiren, Baihuasheshecao and Banzhilian share 

stigmasterol. Using the TCMSP database, 242 targets 

related to the active ingredients of QYHJ were obtained 

and the gene names were transformed using UniProtKB 

(Table S1). Subsequently, the network of interactions 

among the targets of the herbal components was 

constructed using Cytoscape software. (Fig.2A). 
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Fig. 1: Flowchart of this study 
QYHJ: QingyihuaJi formula; TCGA: The cancer genome atlas; PAAD: Pancreatic adenocarcinoma; GO: Gene ontology; KEGG: Kyoto 

encyclopedia of genes and genomes; PPI: Protein-protein interaction network. 
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Table 1: Chemical constituents and ADME parameters of BaiDouKou, SheLiuGu, YiYiRen, JiaoGuLan, 

BaiHuaSheSheCai, BanZhiLian in QYHJ 

 

NO. Mol ID Compound OB(%) DL Herb 

BHSSC1 MOL001646 2,3-dimethoxy-6-methyanthraquinone 34.86 0.26 BaiHuaSheSheCao 

BHSSC2 MOL001659 Poriferasterol 43.83 0.76 BaiHuaSheSheCao 

BHSSC3 MOL001663 (4aS,6aR,6aS,6bR,8aR,10R,12aR,14bS)-10-

hydroxy-2,2,6a,6b,9,9,12a-heptamethyl-

1,3,4,5,6,6a,7,8,8a,10,11,12,13,14b-

tetradecahydropicene-4a-carboxylic acid 

32.03 0.76 BaiHuaSheSheCao 

BHSSC4 MOL001670 2-methoxy-3-methyl-9,10-anthraquinone 37.83 0.21 BaiHuaSheSheCao 

BZL1 MOL001040 (2R)-5,7-dihydroxy-2-(4-

hydroxyphenyl)chroman-4-one 

42.36 0.21 BanZhiLian 

BZL2 MOL012245 5,7,4'-trihydroxy-6-methoxyflavanone 36.63 0.27 BanZhiLian 

BZL3 MOL012246 5,7,4'-trihydroxy-8-methoxyflavanone 74.24 0.26 BanZhiLian 

BZL4 MOL012248 5-hydroxy-7,8-dimethoxy-2-(4-

methoxyphenyl)chromone 

65.82 0.33 BanZhiLian 

BZL5 MOL012250 7-hydroxy-5,8-dimethoxy-2-phenyl-chromone 43.72 0.25 BanZhiLian 

BZL6 MOL012251 Chrysin-5-methylether 37.27 0.2 BanZhiLian 

BZL7 MOL012252 9,19-cyclolanost-24-en-3-ol 38.69 0.78 BanZhiLian 

BZL8 MOL002776 Baicalin 40.12 0.75 BanZhiLian 

BZL9 MOL012266 Rivularin 37.94 0.37 BanZhiLian 

BZL10 MOL001973 Sitosteryl acetate 40.39 0.85 BanZhiLian 

BZL11 MOL012269 Stigmasta-5,22-dien-3-ol-acetate 46.44 0.86 BanZhiLian 

BZL12 MOL012270 Stigmastan-3,5,22-triene 45.03 0.71 BanZhiLian 

BZL13 MOL000173 Wogonin 30.68 0.23 BanZhiLian 

BZL14 MOL001735 Dinatin 30.97 0.27 BanZhiLian 

BZL15 MOL001755 24-Ethylcholest-4-en-3-one 36.08 0.76 BanZhiLian 

BZL16 MOL002714 Baicalein 33.52 0.21 BanZhiLian 

BZL17 MOL002719 6-Hydroxynaringenin 33.23 0.24 BanZhiLian 

BZL18 MOL002915 Salvigenin 49.07 0.33 BanZhiLian 

BZL19 MOL005190 Eriodictyol 71.79 0.24 BanZhiLian 

BZL20 MOL005869 Daucostero_qt 36.91 0.75 BanZhiLian 

BZL21 MOL008206 Moslosooflavone 44.09 0.25 BanZhiLian 

BDK1 MOL000224 (4E,6E)-1,7-bis(3,4-dihydroxyphenyl)hepta-4,6-

dien-3-one 

33.06 0.31 BaiDouKou 

BDK2 MOL000228 (2R)-7-hydroxy-5-methoxy-2-phenylchroman-4-

one 

55.23 0.2 BaiDouKou 

BDK3 MOL000230 Pinocembrin 57.56 0.2 BaiDouKou 

BDK4 MOL000235 1,7-diphenyl-3,5-dihydroxy-1-heptene 49.01 0.18 BaiDouKou 

BDK5 MOL000238 1,7-diphenyl-5-hydroxy-6-hepten-3-one 32.65 0.18 BaiDouKou 

BDK6 MOL000239 Jaranol 50.83 0.29 BaiDouKou 

BDK7 MOL000242 7-O-Methyleriodictyol 56.56 0.27 BaiDouKou 

BDK8 MOL000243 Alpinolide peroxide 87.67 0.19 BaiDouKou 

BDK9 MOL000258 Dehydrodiisoeugenol 56.84 0.29 BaiDouKou 

BDK10 MOL000260 5-[(2R,3R)-7-methoxy-3-methyl-5-[(E)-prop-1-

enyl]-2,3-dihydrobenzofuran-2-yl]-1,3-

benzodioxole 

65.55 0.4 BaiDouKou 

YYR1 MOL001323 Sitosterol alpha1 43.28 0.78 YiYiRen 

YYR2 MOL001494 Mandenol 42 0.19 YiYiRen 

YYR3 MOL002372 (6Z,10E,14E,18E)-2,6,10,15,19,23-

hexamethyltetracosa-2,6,10,14,18,22-hexaene 

33.55 0.42 YiYiRen 

YYR4 MOL002882 [(2R)-2,3-dihydroxypropyl] (Z)-octadec-9-enoate 34.13 0.3 YiYiRen 

YYR5 MOL008118 Coixenolide 32.4 0.43 YiYiRen 

YYR6 MOL008121 2-Monoolein 34.23 0.29 YiYiRen 

Table 1 is continue…….. 
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To explore the targets associated with PAAD, we first 

performed differential expression analysis on the TCGA-

PAAD dataset and the GEO-Combined dataset using the 

limma package to identify DEGs. In the TCGA-PAAD 

dataset, 950 genes were upregulated and 5142 genes were 

downregulated. In the GEO-combined dataset, 3740 genes 

were upregulated and 4, 440 genes were downregulated. 

 

The DEGs obtained from TCGA-PAAD and GEO-

Combined were intersected with the targets of the herbs to 

identify QYHJ for the PAAD-related genes (Fig.2B). A 

network plot of the herb-component intersection targets is 

shown in Fig.2C. QYHJ for PAAD-related genes are listed 

in Table S2. The volcano plots of the differential expression 

analysis of TCGA-PAAD and GEO-Combined datasets are 

shown in Figs. 3A-B and the differences in gene expression 

of QYHJ for PAAD-related genes in the two datasets are 

shown in Fig.3C-D. 

NO. Mol ID Compound OB(%) DL Herb 

JGL1 MOL000338 3'-methyleriodictyol 51.61 0.27 JiaoGuLan 

JGL2 MOL004350 Ruvoside_qt 36.12 0.76 JiaoGuLan 

JGL3 MOL004355 Spinasterol 42.98 0.76 JiaoGuLan 

JGL4 MOL005440 Isofucosterol 43.78 0.76 JiaoGuLan 

JGL5 MOL007475 Ginsenoside f2 36.43 0.25 JiaoGuLan 

JGL6 MOL009855 (24S)-Ethylcholesta-5,22,25-

trans-3beta-ol 

46.91 0.76 JiaoGuLan 

JGL7 MOL009867 4α,14α-dimethyl-5α-ergosta-

7,9(11),24(28)-trien-3β-ol 

46.29 0.76 JiaoGuLan 

JGL8 MOL009877 Cucurbita-5,24-dienol 44.02 0.74 JiaoGuLan 

JGL9 MOL009878 Cyclobuxine 84.48 0.7 JiaoGuLan 

JGL10 MOL009888 GypenosideXXXVI_qt 37.85 0.78 JiaoGuLan 

JGL11 MOL009928 Gypenoside LXXIV 34.21 0.24 JiaoGuLan 

JGL12 MOL009929 Gypenoside LXXIX 37.75 0.25 JiaoGuLan 

JGL13 MOL009938 Gypenoside XII 36.43 0.25 JiaoGuLan 

JGL14 MOL009943 Gypenoside XL 30.89 0.21 JiaoGuLan 

JGL15 MOL009969 GypenosideXXXV_qt 37.73 0.78 JiaoGuLan 

JGL16 MOL009971 GypenosideXXVII_qt 30.21 0.74 JiaoGuLan 

JGL17 MOL009973 GypenosideXXVIII_qt 32.08 0.74 JiaoGuLan 

JGL18 MOL009976 Gypenoside XXXII 34.24 0.25 JiaoGuLan 

JGL19 MOL009986 GypentonosideA_qt 36.13 0.8 JiaoGuLan 

SLG1 MOL001510 24-epicampesterol 37.58 0.71 SheLiuGu 

SLG2 MOL013156 [(2R)-2-[[[(2R)-2-

(benzoylamino)-3-

phenylpropanoyl]amino]methyl]-

3-phenylpropyl] acetate 

38.88 0.56 SheLiuGu 

(JGL+BZL)1 MOL012254 Campesterol 37.58 0.71 JiaoGuLan+ 

BanZhiLian 

(JGL+BZL)2 MOL000351 Rhamnazin 47.14 0.34 JiaoGuLan+ 

BanZhiLian 

(SLG+YYR+ 

JGL+BZL)1 

MOL000953 CLR 37.87 0.68 SheLiuGu+YiYiRen+ 

JiaoGuLan+BanZhiLian 

(SLG+YYR+ 

JGL+BZL)2 

MOL000359 Sitosterol 36.91 0.75 SheLiuGu+ 

YiYiRen+JiaoGuLan+ 

BanZhiLian 

BDK+ 

BHSSC 

+BZL 

MOL000358 Beta-sitosterol 36.91 0.75 BaiDouKou+ 

BaiHuaSheSheCao 

+BanZhiLian 

BDK+BZL MOL000006 Luteolin 36.16 0.25 BaiDouKou+ 

BanZhiLian 

BDK+JGL+ 

BHSSC+BZL 

MOL000098 Quercetin 46.43 0.28 BaiDouKou+JiaoGuLan+ 

BaiHuaSheSheCao+BanZhiLian 

SLG+YYR+ 

BHSSC+BZL 

MOL000449 Stigmasterol 43.83 0.76 SheLiuGu+YiYiRen 

+BaiHuaSheSheCao 

+BanZhiLian 

QYHJ: Qing Yi Hua Ji formula 

 



Jintao Han et al. 

Pak. J. Pharm. Sci., Vol.39, No.7, July 2026, pp.2009-2030 2015 

  

 
 

Fig. 2: Screening of QYHJ for PAAD treatment related targets 
(A). QYHJ- compound - prediction targets network. (B). TCGA-PAAD-DEGs, GEO-Combined-DEGs and Venn diagram for predicting 

targets. (C). QYHJ- Component - intersection target interaction network. Yellow ellipses represent targets, blue triangles represent 

compounds, and red rectangles represent herb. QYHJ: Qing Yi Hua Ji Formula; PAAD: Pancreatic adenocarcinoma; DEGs: 

Differentially expressed genes. 
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Fig. 3: Differential expression analysis of TCGA-PAAD and GEO-combined datasets 
(A). Volcano plot of DEGs between PAAD (n=4) and normal (n=173) tissues in TCGA-PAAD. The Mann-Whitney U test was 

applied.  Red for significantly up-regulated genes, blue for significantly down-regulated genes, and gray for non-significant genes. (B). 

Volcano plot of DEGs between PAAD (n=132) and normal (n=61) tissues in GEO-combined. The Mann-Whitney U test was applied. 

Red for significantly up-regulated genes, blue for significantly down-regulated genes, and gray for non-significant genes. (C). 

Heatmaps of QYHJ for PAAD-related genes of TCGA-PAAD between the PAAD (n=4) and normal (n=173) tissues.  Rows represent 

genes, and columns represent individual patient samples. The color scale represents the Z-score normalized gene expression level, 

with red indicating expression above the mean and blue indicating expression below the mean. (D). Heatmaps of QYHJ for PAAD-

related genes of GEO-combined between the PAAD (n=132) and normal (n=61) tissues. Rows represent genes, and columns represent 

individual patient samples. The color scale represents the Z-score normalized gene expression level, with red indicating expression 

above the mean and blue indicating expression below the mean. QYHJ: Qing Yi Hua Ji Formula. PAAD: Pancreatic adenocarcinoma. 

DEGs: Differentially expressed genes. 
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Construction of PPI network 

The PPI network of the 16 QYHJ for PAAD-related genes 

was constructed and visualized (Fig.4A). Furthermore, the 

top 10 gene interaction networks after ranking using the 5 

algorithms (MCC, MNC, EPC, Degree and Closeness) 

were constructed (Fig.4B, Table 2). The hub genes (PTGS2, 

BCL2L1, ICAM1, MET, NQO1, MMP3, NFATC1, 

CCNB1 and ERBB3) were identified as those genes that 

intersected across the five algorithms. (Fig.4C). Among 

these genes, BCL2L1, PTGS2 and ICAM1 had higher 

scores for each of the five algorithms (Table 3). 

 

Functional enrichment analysis  

We performed GO and KEGG analyses using 9 hub genes: 

PTGS2, BCL2L1, ICAM1, MET, NQO1, MMP3, NFATC1, 

CCNB1 and ERBB3. The results of GO analysis (Figs.5A-

B) and KEGG analysis (Fig.5C) are presented t. 

Additionally, we displayed the results of GO analysis (Figs. 

5D-E) and KEGG analysis (Fig.5F) as ring network 

diagrams. 

 

The hub genes exhibited significant enrichment in 

biological processes (BP), including the cellular response 

to chemical stress and oxidative stress, as well as the 

calcineurin-NFAT signaling pathway and its positive 

regulation (Figs. 5A-C). These genes were mainly enriched 

in molecular functions (MF) such as antioxidant activity 

and protein kinase activator activity (Table 4). Additionally, 

the enrichment of hub genes was observed in signaling 

pathways associated with NF-κB, TNF, IL-17 and PI3K-

Akt (Table 5). 

 

Differential expression and prognostic significance of 

hub genes 

We compared the expression of hub genes (PTGS2, 

BCL2L1, ICAM1, MET, NQO1, MMP3, NFATC1, 

CCNB1 and ERBB3) between groups in the TCGA-PAAD 

(Fig. 6A) and GEO-Combined datasets (Fig. 6B). In the 

TCGA-PAAD dataset, the expression levels of all hub 

genes except PTGS2 exhibited a statistically significant 

difference between the PAAD and normal groups. 

Similarly, in the GEO-combined dataset, the expression of 

all hub genes except ERBB3 showed significant 

differences between the PAAD and control groups. 

 

To further assess the prognostic value of the hub genes, the 

overall survival (OS) of PAAD patients was analyzed using 

the Kaplan-Meier (K-M) plot. The expression of six hub 

genes (BCL2L1, CCNB1, ERBB3, MET, MMP3 and 

NFATC1) was significantly associated with poor OS (Figs. 

6C-H). 

 

Finally, we performed ROC analysis to validate the 

prognostic value of genes in the TCGA-PAAD and GEO-

combined datasets. The results showed that in the TCGA-

PAAD dataset, BCL2L1 (AUC=0.824, Fig.7A) CCNB1 

(AUC=0.822, Fig.7B), ERBB3 (AUC=0.831, Fig.7C), 

ICAM1 (AUC=0.857, Fig.7D), MET (AUC=0.831, 

Fig.7E), MMP3 (AUC=0.834, Fig.7F), NFATC1 

(AUC=0.877, Fig.7G) and NQO1 (AUC=0.886, Fig.7H) 

had diagnostic values for PAAD. Similarly, in the GEO-

combined dataset, BCL2L1 (AUC=0.750, Fig.7I), CCNB1 

(AUC=0.759, Fig.7J), MET (AUC=0.776, Fig.7L), MMP3 

(AUC=0.739, Fig.7M) and NQO1 (AUC=0.786, Fig.7O) 

had diagnostic value. However, ICAM1 (AUC=0.589, 

Fig.7K), NFATC1 (AUC=0.636, Fig.7N) and PTGS2 

(AUC=0.602, Fig.7P) exhibited low diagnostic value for 

PAAD. 

 

Cox regression model construction and survival analysis 

We performed univariate Cox regression analysis; the 

results are shown in the forest plot (Fig.8A). The 

expression of the hub genes was significantly associated 

with the prognosis of PAAD patients in the TCGA-PAAD 

dataset (P< 0.01). 

 

We then included all the significant variables from the 

univariate analysis into the multivariate Cox model to 

obtain the risk score. Next, the patients were divided into 

high- and low-risk groups according to the risk score. 

Subsequently, the nomogram was used to evaluate the 

prognostic significance of the model (Fig.8B). Decision 

curve analysis (DCA) showed that the predictive value of 

the model was highest for 5-year outcomes, followed by 3-

year and 1-year outcomes (Figs.8C-E). 

 

Functional similarity and mutation analyses 

Statistically significant correlations were observed 

between hub genes in the TCGA-PAAD dataset, with the 

highest positive correlation between NQO1 and ERBB3 

and the highest negative correlation between NFATC1 and 

ERBB3 (Fig. 9A). Furthermore, functional similarity 

analysis revealed that ERBB3 had the greatest functional 

significance (Fig. 9B). 

 

Mutation status analysis revealed that missense and 

nonsense mutations were the main types in hub genes of 

the TCGA-PAAD dataset, with missense mutations being 

predominant (Fig.9C). Moreover, single nucleotide 

variants (SNVs), particularly C > T, were the most frequent 

mutation types observed, followed by C > A. 

 

Immune Infiltration analysis with ssGSEA 

Immune cell infiltration abundance in the two groups is 

shown in Fig. 10A. Nine immune cells showed significant 

differences between the two groups (P < 0.05, Fig. 10B). 

The correlation between these nine immune cells and hub 

genes (PTGS2, BCL2L, ICAM1, MET, NQO1, MMP3, 

NFATC1, CCNB1 and ERBB3) is shown in a heatmap (Fig. 

10C). The results indicate that ICAM1, MET, NQO1 and 

ERBB3 are positively associated with T helper 2 (Th2) and 

T helper 17 (Th17) cells. 
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Fig. 4: Protein-protein interaction network 
(A). PPI network of QYHJF for PAAD-related genes. The network was constructed by importing the list of 16 PAAD-related genes 

into the STRING database and retrieving interactions with a combined confidence score > 0.4. The resulting network was visualized 

in Cytoscape (v3.10.2). (B). Comparative analysis of top 10 hub genes identified by five (Closeness, Degree, EPC, MCC and MNC) 

ranking algorithms in cytoHubba. The color intensity of nodes represents the score. (C). Venn diagram illustrating the overlap of the 

top 10 hub genes identified by the five algorithms. QYHJ: Qing Yi Hua Ji Formula; PAAD: Pancreatic adenocarcinoma; PPI Network: 

protein-protein interaction. Degree: Degree correlation; MNC: Maximum neighborhood component; MCC: Maximal clique centrality; 

EPC: Edge percolated component; Closeness: Closeness centrality. 
 

Table 2: Calculation results of five cytoHubba algorithms. 
 

Closeness Degree EPC MCC MNC 

PTGS2 PTGS2 PTGS2 PTGS2 PTGS2 

BCL2L1 BCL2L1 BCL2L1 BCL2L1 BCL2L1 

ICAM1 ICAM1 ICAM1 ICAM1 ICAM1 

MET MET MET MET MET 

NQO1 ERBB3 CCNB1 ERBB3 MMP3 

MMP3 MMP3 MMP3 MMP3 NFATC1 

NFATC1 NQO1 NFATC1 NQO1 CCNB1 

CCNB1 NFATC1 NQO1 NFATC1 PIK3CG 

ERBB3 CCNB1 ERBB3 CCNB1 ERBB3 

AKR1B10 PIK3CG AKR1B10 PIK3CG NQO1 
Degree: Degree Correlation; MNC: Maximum Neighborhood Component; MCC: Maximal Clique Centrality; EPC: Edge Percolated 

Component; Closeness: Closeness Centrality 
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Fig. 5: GO and KEGG enrichment analysis of hub genes  
(A-B). GO enrichment analysis of the identified hub genes. Bar plot displaying the top 8 significantly enriched GO terms (BP, A) and 

(MF, B) for the 9 hub genes. Enrichment analysis was performed using the clusterProfiler R package (v4.16.0). Only terms with an 

adjusted p-value < 0.05 are shown. (C). KEGG pathway enrichment analysis of the identified hub genes. Bar plot showing the top 10 

significantly enriched KEGG pathways for the 9 hub genes. Enrichment analysis was performed using the clusterProfiler R package 

(v4.16.0). Only terms with an adjusted p-value < 0.05 are shown. (D-E). Circular network plot of GO enrichment analysis for hub 

genes. The circular visualization summarizes the top 8 significantly enriched GO terms from GO categories: BP (D) and MF (E). 

Enrichment analysis was conducted using the clusterProfiler R package (v4.16.0). Significantly enriched terms were filtered by an 

adjusted P-value < 0.05. (F). Circular network plot of KEGG enrichment analysis of hub genes. This circular layout presents both the 

significance of the enriched KEGG pathways and the interactions between them based on hub genes. Enrichment analysis was 

conducted using the clusterProfiler R package (v4.16.0) against the KEGG database. Significance was defined as an Adjusted P-value 

< 0.05. GO: Gene Ontology. BP: Biological process. MF: Molecular function. KEGG: Kyoto encyclopedia of genes and genomes 
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  Table 3: Topological parameters of hub genes 
 

 Closeness Degree EPC MCC MNC 

PTGS2 8.333333 7 5.478 11 6 

BCL2L1 6.666667 4 4.838 6 4 

ICAM1 6.416667 4 4.832 6 4 

MET 6.333333 3 4.415 3 2 

NQO1 5.583333 2 3.56 2 1 

MMP3 5.416667 2 4.003 2 2 

NFATC1 5.416667 2 3.99 2 2 

CCNB1 5.416667 2 4.017 2 2 

ERBB3 4.916667 2 2.863 2 1 

 

Table 4: GO analysis results 

 

Ontology ID Description 

Gene 

ratio Bg ratio p-value p.adjust q-value 

BP GO:0062197 

cellular response to chemical 

stress 4/9 332/18800 1.12E-05 0.007945 0.003532 

BP GO:0006979 response to oxidative stress 4/9 433/18800 3.19E-05 0.010648 0.004734 

BP GO:0033173 

calcineurin-NFAT signaling 

cascade 2/9 44/18800 0.000191 0.011253 0.005002 

BP GO:0070886 

positive regulation of 

calcineurin-NFAT signaling 

cascade 1/9 16/18800 0.007635 0.048664 0.021633 

MF GO:0016209 antioxidant activity 2/9 85/18410 0.000743 0.022306 0.009131 

MF GO:0030295 

protein kinase activator 

activity 2/9 104/18410 0.001109 0.022306 0.009131 

MF GO:0019209 kinase activator activity 2/9 110/18410 0.001239 0.022306 0.009131 

MF GO:0019887 

protein kinase regulator 

activity 2/9 207/18410 0.0043 0.031117 0.012738 
GO: Gene Ontology; BP: biological process; MF: molecular function 

 

Table 5: KEGG analysis results 

 

Ontology ID Description 

Gene 

ratio Bg ratio p-value p.adjust q-value 

BP GO:0062197 

cellular response to chemical 

stress 4/9 332/18800 1.12E-05 0.007945 0.003532 

BP GO:0006979 response to oxidative stress 4/9 433/18800 3.19E-05 0.010648 0.004734 

BP GO:0033173 

calcineurin-NFAT signaling 

cascade 2/9 44/18800 0.000191 0.011253 0.005002 

BP GO:0070886 

positive regulation of 

calcineurin-NFAT signaling 

cascade 1/9 16/18800 0.007635 0.048664 0.021633 

MF GO:0016209 antioxidant activity 2/9 85/18410 0.000743 0.022306 0.009131 

MF GO:0030295 

protein kinase activator 

activity 2/9 104/18410 0.001109 0.022306 0.009131 

MF GO:0019209 kinase activator activity 2/9 110/18410 0.001239 0.022306 0.009131 

MF GO:0019887 

protein kinase regulator 

activity 2/9 207/18410 0.0043 0.031117 0.012738 

KEGG hsa04064 

NF-kappa B signaling 

pathway 3/9 104/8164 0.00016 0.004623 0.003244 

KEGG hsa04668 TNF signaling pathway 3/9 112/8164 0.000199 0.004623 0.003244 

KEGG hsa04657 IL-17 signaling pathway 2/9 94/8164 0.00448 0.026041 0.018274 

KEGG hsa04151 PI3K-Akt signaling pathway 3/9 354/8164 0.005586 0.02734 0.019186 
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Drug susceptibility prediction 

The sensitivity to common anticancer drugs in high- and 

low-risk groups was predicted using data from the GDSC. 

First, we evaluated the differences in drug sensitivity 

between the two groups. We then compared the sensitivity 

of the top 20 drugs (EHT-1864, Temsirolimus, NU7441, 

AZD2281, AMG706, Nutlin-3a, Axitinib, PD-0332991, 

CEP-701, NVP-BEZ235, PD-173074, GDC-0449, AG-

014699, AZD8055, ZM-447439, Metformin, Vorinostat, 

CCT007093, TW-37, ATRA) that exhibited the largest 

differences in sensitivity between the two groups (Figs. 

11A–T). Among the 20 drugs with significant differences, 

we observed that the IC50 values were higher in the high-

risk cohort than in the low-risk cohort. This indicates that 

individuals in the low-risk group are more sensitive to 

these drugs. 
 

DISCUSSION 
 

Chemotherapy is currently the main treatment for PAAD; 

however, most drugs show limited efficacy and cause 

severe adverse reactions. TCM can not only prolong the 

survival time of PAAD patients but also plays a crucial role 

in improving quality of life (Shi et al., 2018; Zhang et al., 

2020). TCM and its compounds involve a complex 

interplay of multiple bioactive components; therefore, 

investigating the underlying mechanisms of its action is 

crucial.  

 
 

Fig. 6: Differential expression and prognosis analysis of hub genes in PAAD and normal groups 
(A). Expression of hub genes in the TCGA-PAAD dataset between PAAD (n=173) and normal (n=4) groups. (B). Expression 

of hub genes in the GEO-combined dataset between the PAAD (n=132) and the normal (n=61) groups. (C-H). KM plotters of 

six hub genes in the TCGA-PAAD dataset (n=173). PAAD: Pancreatic adenocarcinoma; OS: Overall survival; KM: Kaplan-

Meier. (* P < 0.05; ** P < 0.01; *** P < 0.001). 
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QYHJ was developed based on the concept of “dampness 

and heat accumulation” in PAAD, with the main treatment 

principle being “clearing heat and drying dampness.” It has 

been used for comprehensive treatment of PAAD patients 

(Chen et al., 2019; Shi et al., 2025). However, the main 

targets and mechanisms through which QYHJ treats PAAD 

remain unclear.  

 

Network pharmacology is an interconnected framework 

based on the principle of "disease-gene-target-medicine". 

It systematically and scientifically evaluates how 

intervention drugs affect the disease network to reveal their 

mechanisms of action. Thus, in this study, an integrative 

analysis of network pharmacology and bioinformatics was 

performed to explore hub genes with QYHJ for PAAD 

treatment and its potential clinical significance. 

 
 

Fig. 7: ROC curve of hub genes in PAAD and normal groups 
(A-H). ROC curve of each hub genes in the TCGA-PAAD dataset (PAAD n=173, normal n=4) (I-P). ROC curve of each hub 

genes in the GEO-Combined datasets (PAAD n=132, normal n=61) PAAD: Pancreatic adenocarcinoma; ROC: receiver 

operating characteristic curve; AUC: Area under curve. 
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Currently, we established a network comprising "QYHJ 

target genes-PAAD DEGs" and identified 16 PAAD-

related genes involved in QYHJ treatment. Furthermore, a 

PPI network was constructed to identify nine hub genes 

(PTGS2, BCL2L1, ICAM1, MET, NQO1, MMP3, 

NFATC1, CCNB1 and ERBB3) related to QYHJ. Some 

hub genes, such as ICAM1, MET and NQO1, were 

reported in previous studies (Qian et al., 2020; Yang et al., 

2022). Others were only found in our study and require 

further investigation. 

 

ICAM1 is an inflammation-related gene that promotes 

PAAD metastasis. It also contributes to poor prognosis in 

PAAD patients. Another study showed that QYHJ 

decreased ICAM1 expression and exerted an inhibitory 

effect on PAAD (Yang et al., 2022). BCL2L1 encodes a 

critical anti-apoptotic protein that promotes PAAD cell 

survival. QYHJ suppresses PAAD growth and progression 

through the BCL2/Bax pathway (Yang et al., 2022). 

Similarly, the expression level of MET was significantly 

elevated and associated with unfavorable survival 

outcomes in PAAD (Lux et al., 2019; Zhou et al., 2019). 

Overall, our findings align with previous studies, 

suggesting that QYHJ has the potential to mitigate 

inflammation and promote apoptosis in PAAD. Recent 

investigations have indicated a strong correlation between 

CCNB1 and the progression of PAAD, suggesting that it 

may serve as a promising biomarker and therapeutic target 

for the treatment of this malignancy (Zeng and Fan, 2022). 

Meanwhile, ERBB3 expression is upregulated in PAAD 

and is correlated with the clinical stage and poor overall 

survival of PAAD (Liu et al., 2021).The ERBB3 pathway 

is involved in cancer stem cells (CSCs) generation and the 

inhibition of ERBB3 can suppress PAAD cell proliferation 

and tumorigenicity (Hassan et al., 2022). In addition, over-

expression of MMP3 promoted PAAD invasion and 

 
 

Fig. 8: Cox regression model construction and prognostic value of hub genes 
(A). Forest plot of multivariate Cox regression analysis for hub genes in the TCGA-PAAD dataset (n=173). This forest plot displays 

the results of the multivariate Cox proportional hazards regression analysis for the association between the expression levels of the hub 

genes and overall survival (OS). P-values were derived from the Wald test, and a P-value < 0.05 was considered statistically significant. 

(B). Prognostic nomogram for predicting 1-, 3- and 5-year overall survival from patients in the TCGA-PAAD dataset (n=173). For an 

individual patient, values for each parameter are projected upward to the 'Points' line to obtain a partial score. The sum of these partial 

scores yields the 'Total Points', which is then projected downward to the bottom axes to estimate the probability of survival at 1, 3 and 

5 years. C-E. DCA plots at 1 year (C), 3 years (D), and 5 years (E) of prognostic model in the TCGA-PAAD dataset (n=173). Decision 

curve analysis evaluating the clinical utility of prognostic models. The y-axis represents the net benefit, which incorporates the trade-

off between true positives (benefits) and false positives (harms). The x-axis represents the threshold probability, which is the minimum 

probability of death at which a patient or clinician would opt for intervention. PAAD: Pancreatic adenocarcinoma; DCA: Decision 

curve analysis. 
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metastasis and inhibition of MMP-3 expression has been 

shown to impede the development of resistance to 

gemcitabine and to hinder PAAD progression (Deng et al., 

2022).  

 

Inhibiting MMP3 activity could attenuate the metastasis of 

PAAD, suggesting that MMP-3 may be a promising 

therapeutic target for PC (Sayed et al., 2022; Zhang et al., 

2023). The results of this study indicate that low NFATC1 

expression is closely associated with poor prognosis in 

PAAD patients. This conclusion differs from some 

previous reports, which suggested that high NFATC1 

expression correlates with an unfavorable prognosis in 

PAAD (Chen et al., 2015; Chen et al., 2017). The 

discrepancy may be attributed to differences in study 

populations, sample sizes, detection methods, grouping 

criteria and cohort heterogeneity. Data and survival 

analysis from this cohort support the notion that patients 

with low NFATC1 expression exhibit higher clinical risk, 

suggesting that NFATC1 may exert differential regulatory 

roles across different populations or tumor subtypes. The 

specific mechanisms underlying this observation require 

further elucidation. Future studies involving larger sample 

 
 

Fig. 9: Gene correlation, functional similarity and gene mutation analysis of hub genes 
(A). Correlation analysis of the hub gene in TCGA-PAAD dataset. Heatmap depicting the pairwise Pearson correlation of expression 

levels among the nine hub genes. The color intensity and the number within each cell represent the Pearson correlation coefficient (r), 

ranging from -1 (strong negative correlation, blue) to +1 (strong positive correlation, red). Asterisks indicate the statistical significance 

of the correlation (*P < 0.05). (B). Functional similarity analysis of the hub genes. Boxplot comparing the functional similarity scores 

between the hub genes. In the boxplots, the central line indicates the median, the box limits represent the upper and lower quartiles 

(25th and 75th percentiles), and the whiskers extend to 1.5 times the interquartile range (IQR). (C). Mutational landscape of hub genes 

in TCGA-PAAD dataset. Somatic variants were analyzed and visualized using the maftools R package (v2.24.0). The predominant 

mutation type is Missense Mutation. SNPs are the primary mutation type observed in the hub genes. SNP: Single nucleotide 

polymorphisms; PAAD: Pancreatic adenocarcinoma. 
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sizes and multi-center cohorts are warranted to validate the 

prognostic value and molecular mechanisms of NFATC1. 

Besides, inhibiting PTGS2 can alleviate malignant tumor 

phenotypes of PAAD cells (Jiao et al., 2022). Collectively, 

these hub genes are important in the development and 

progression of PAAD and warrant further investigation. 

 

GO analysis revealed that the hub genes relate to several 

biological processes, including cell proliferation, migration, 

tumor microenvironment and immunogenicity. In this 

study, QYHJ acted on PAAD via various biological 

pathways. KEGG analysis showed that the hub genes are 

involved in the PI3K/AKT, IL-17, NF-kappa B and TNF 

signaling pathways, suggesting a potential mechanism for 

PAAD progression. The PI3K/AKT pathway, recognized 

as important in PAAD, was also identified in this study. 

Studies have demonstrated that QYHJ suppresses the 

progression of PAAD via modulating the 

PI3K/AKT/mTOR pathway (Qian et al., 2023; Yang et al., 

2022).  

 
 

Fig. 10: Analysis of immune infiltration 
(A). Comparison of immune cell infiltration levels between the PAAD and normal groups in TCGA-PAAD dataset. Statistical 

significance was determined by the Wilcoxon rank-sum test. (*P < 0.05, **P < 0.01); (B). Correlation analysis between the nine immune 

cells. Heatmap of pairwise correlations between the abundance of nine immune cell types in the TCGA-PAAD dataset. The color 

key represents the Spearman correlation coefficient (r), ranging from -1 (perfect negative correlation, blue) to +1 (perfect positive 

correlation, red); (C). Correlations between the expression levels of hub genes and the infiltration abundance of 9 immune cells. 

Spearman correlation heatmap illustrating the relationships between the expression of 9 hub genes and the relative abundance of 9 key 

immune cell types in the TCGA-PAAD dataset. The color intensity and the number in each tile correspond to the Spearman's rho value. 

Rows (genes) and columns (immune cells) are ordered by hierarchical clustering based on their correlation profiles. 
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Fig. 11: Drug susceptibility analysis 
(A-T). Comparison of drug sensitivity between high and low risk scores groups in the TCGA-PAAD dataset. Drugs: EHT.1864 (A), 

Temsirolimus (B), NU.7441 (C), AZD.2281 (D), AMG.706 (E), Nutlin.3a (F), Axitinib (G), PD.0332991 (H), CEP.701 (I), 

NVP.BEZ235 (J), PD.173074 (K), GDC.0449 (L), AG.014699 (M), AZD8055 (N), ZM.447439 (O), Metformin (P), Vorinostat (Q), 

CCT007093 (R), TW.37 (S), ATRA (T). Violin plots overlaid with box plots showing the distribution of half-maximal inhibitory 

concentration (IC₅₀) values for drug in high-risk (n =) and low-risk (n =) groups. Lower IC₅₀ values indicate higher drug sensitivity. 

The center line represents the median, the box indicates the interquartile range (IQR) and the whiskers extend to 1.5× IQR. The p-value 

was calculated using a two-sided Mann-Whitney U test. (*** P < 0.001). 
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These data suggested that the PI3K/AKT/mTOR pathway 

is crucial in PAAD progression and therapy using TCM. 

However, the roles of the other three pathways in PAAD 

require further investigation. 

 

Furthermore, ROC analyses showed that the AUC values 

of BCL2L1, CCNB1, MET, MMP3 and NQO1 were all 

greater than 0.7 in these two datasets. This indicates that 

these hub genes could serve as potential diagnostic markers 

for PAAD. Since MET and NQO1 have been reported to be 

positively correlated with TNM stage (Qian et al., 2020). 

We performed survival analysis and found that five genes 

(BCL2L1, CCNB1, ERBB3, MET and MMP3) were 

highly expressed and associated with poor prognosis. 

These results align with the earlier studies reporting the 

prognostic value of CCNB1 and ERBB3 in PAAD (Liu et 

al., 2021; Zhou et al., 2018). The diagnostic efficacy of 

some genes (NQO1/ICAM1) varied between the two 

datasets, mainly due to uneven sample sizes, different 

sequencing platforms and data source heterogeneity. 

Additionally, the nomogram constructed using the hub 

genes demonstrated good predictive ability for prognosis, 

suggesting that these genes may serve as biomarkers for 

prognosis prediction in patients with PAAD. It should be 

noted that the AUC values of some genes show 

inconsistencies across different datasets. TCGA-PAAD 

includes a few normal samples, which may lead to 

overestimation of AUC and reduced stability. In contrast, 

GEO combined data have larger sample sizes, resulting in 

more robust findings. Additionally, differences in 

platforms (high-throughput sequencing versus microarrays) 

and data source heterogeneity (different centers and 

processing procedures) can affect expression profiles and 

diagnostic performance. Therefore, the current results are 

preliminary and require further validation in independent, 

multi-center cohorts with larger sample sizes. 
 

In the present study, we examined the functional similarity 

and mutation status of nine hub genes: PTGS2, BCL2L1, 

ICAM1, MET, NQO1, MMP3, NFATC1, CCNB1 and 

ERBB3. We found significant positive correlations among 

these hub genes, with the strongest positive correlation 

observed between NQO1 and ERBB3 and the strongest 

negative correlation between NFATC1 and ERBB3. These 

findings suggest a possible synergistic or regulatory 

relationship among these genes in PAAD, which is 

important for a deeper understanding of its pathogenesis. 

Functional similarity analysis revealed that ERBB3 is a 

critical gene in PAAD, consistent with findings reported in 

previous studies (Hassan et al., 2022; Liu et al., 2021). 

These results provide valuable insights to guide further 

research on ERBB3’s mechanisms, facilitating the 

development of therapeutic strategies for PAAD. 
 

We performed immune infiltration analyses and found 

significant differences in the abundance of nine 

lymphocyte types between PAAD and normal tissues. 

These changes in infiltration suggest that these cells are 

involved in PAAD progression. Furthermore, immune 

analyses revealed that the expression of hub genes (ICAM1, 

MET, NQO1 and ERBB3) was positively related to Th2 

and Th17 cells, which are immunosuppressive cells 

contributing to the tumor immune microenvironment 

(Stuanto et al., 2025; Ryba-Stanisławowska, 2025). Naive 

CD4+ T cells can differentiate into two subsets: Th1 cells, 

which promote proinflammatory responses and activate 

autoimmune processes and Th2 cells, which facilitate 

humoral immune responses via cytokines such as IL-4, IL-

5, IL-9 and IL-10 (Zhu, 2018). The balance between Th1 

and Th2 cells is disrupted in PAAD. Specifically, Th2 cells 

often remain at high levels, inducing inflammation and 

promoting tumor growth, which consequently leads to 

worse survival (Kao et al., 2025; Sadeghlar et al., 2021). 

Th17 cells secrete IL-17 and serve a crucial function in the 

immune modulation of tumors (Anvar et al., 2024; Pan et 

al., 2023). Evidence has shown that Th17 cells promote 

PAAD (Herting et al., 2021). Based on current literature 

and our findings, we hypothesize that these hub genes 

collaboratively interfere with the balance among Th1, Th2 

and Th17 cells. This disruption results in a generally 

immunosuppressive microenvironment, which affects the 

prognosis of PAAD. 
 

Additionally, drug sensitivity prediction showed that for 20 

drugs with significant differences, PAAD patients in the 

high-risk cohort had higher IC50 values than those in the 

low-risk cohort, suggesting lower drug sensitivity in high-

risk individuals. These findings indicate that low-risk 

patients treated with these agents are more likely to achieve 

better treatment responses and favorable outcomes. 

However, the pRRophetic model is trained on cell line data, 

which differs biologically from actual tumor tissues, 

particularly in terms of the tumor microenvironment and 

cellular heterogeneity. These differences may affect the 

accuracy of IC50 predictions for samples. Consequently, 

the prediction results primarily aim to identify potential 

trends and require further validation through functional 

experiments and clinical research. 
 

There are several limitations in the present study. First, data 

integration involved multiple platforms. Although 

correction methods like SVA were applied, completely 

eliminating systematic biases remains challenging. It is 

recommended to introduce more advanced integration 

algorithms to improve data consistency. Second, despite 

implementing a cross-validation strategy with multiple 

datasets, potential bias from the limited sample size cannot 

be entirely eliminated. Therefore, results should be 

interpreted with caution and cross-validation using 

multiple datasets and methodologies is recommended. 

Future studies should aim to increase the number of normal 

tissue samples or integrate multi-center datasets to further 

validate and enhance the reliability and generalizability of 

the differential analysis results. Third, model construction 

was limited by sample size, posing a potential risk of 

overfitting. The model needs to be optimized by expanding 
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the sample size, applying cross-validation, and ensuring its 

robustness and application potential are validated in 

independent cohorts. Furthermore, these computational 

predictions require further validation through in-vivo and 

in-vitro experiments. 

 

CONCLUSION 

 

In summary, the present study assessed PAAD-related 

target genes involved in QYHJ treatment using network 

pharmacology and bioinformatics. Then, nine hub genes 

linked to PAAD treatment response and prognosis were 

identified.  Several potential mechanisms involving 

modulation of inflammation, oxidative stress and apoptotic 

signaling pathways contribute to QYHJ therapy. The 

current results are merely computational predictions; thus, 

further integration of multi-omics data, functional 

experiments and prospective clinical validation are needed 

to refine these findings and facilitate their clinical 

translation. 
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