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  Abstract 
Objective: To predict Polyphyllin I (PPI) targets, analyze their effects on non-
small cell lung cancer (NSCLC) patients, develop a PANoptosis-based prog-
nostic model, and identify potential molecular markers that can be used as PPI 
targets for the treatment of NSCLC. Methods: We predicted the targets of PPI 
and analyzed the main effect of PPI targets in NSCLC patients by principal 
component analysis (PCA). The PANoptosis genes associated with PPI and im-
mune infiltration were explored using the weighted gene co-expression network 
analysis (WGCNA) algorithm. Then, the least absolute shrinkage and selection 
operator (LASSO), random forest (RF), support vector machine-recursive fea-
ture elimination (SVM-RFE) and extreme gradient boosting (XGBoost) algo-
rithms were used to screen the feature genes, and the prognostic model and clin-
ical nomogram were constructed. Finally, the differences in the immune char-
acteristics and mutations of patients with different risk scores were compared, 
and the expression of the modeled genes at the gene and protein levels was ex-
plored using single-cell sequencing and immunohistochemical techniques. Re-
sults: We obtained the PPI effective index (PEI) using the NSCLC data of the 
training and the validation sets. Meanwhile, both datasets identified strong in-
teraction relationships between PPI and PANoptosis and screened out PPI-in-
duced PANoptosis genes (PPGs). Then, the PPG_score model and clinical nom-
ogram were successfully constructed. Finally, we found that PPG_score pa-
tients had different immune responses, and independent predictors were highly 
expressed in lung cancer tissues and fibroblasts. Conclusion: In this study, a 
PANoptosis prognostic model regulated by PPI has a guiding role for both im-
munotherapy and mutations, and the screened independent prognostic factors, 
IRF1, PTGIS, and G0S2, may become potential molecular markers and PPI tar-
gets for NSCLC patients. 
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1. Introduction 

Lung cancer remains the leading cause of cancer-related mortality worldwide [1]. Non-small cell lung cancer 
(NSCLC) represents about 85% of all lung cancer cases [2]. Due to the lack of obvious symptoms in early-stage 
NSCLC, coupled with the low awareness of health risk management among the population and the lack of regular 
screening for high-risk groups, patients with NSCLC are usually at an advanced stage when diagnosed and miss the 
opportunity for surgery [3]. From conventional therapy (radiotherapy or chemotherapy) for advanced NSCLC to 
individualized therapy guided by precision medicine (molecular targeted therapy or immunotherapy) significantly 
prolonged the survival prognosis of patients, but did not yield the anticipated benefits due to issues with drug re-
sistance and adverse side effects [4]. 

Traditional Chinese medicine (TCM) therapy is a traditional Chinese treatment method (including Chinese herbal 
medicine (CHM), acupuncture, tui-na, food therapy, music therapy, etc.), and its CHM plays a unique role in the 
adjuvant treatment of NSCLC by "enhancing autoimmunity" and "suppressing tumor cells" as the most important 
part of TCM [5, 6]. The anti-tumor mechanisms of CHM and their components in NSCLC have been intensively 
studied [7-9]. Rhizoma Paridis (Chinese name: Chonglou) was first published in Shen Nong's Classic of The Materia 
Medica. According to the theory of TCM, Chonglou has the efficacy of clearing heat and removing toxins, eliminating 
swelling, and relieving pain, and is a common herb used in lung cancer TCM treatment. As a traditional anti-cancer 
CHM commonly used in clinical practice, the active components of Chonglou have been widely isolated, extracted 
and functionally studied as potential anti-cancer compounds. According to Pharmacopoeia of the People's Republic 
of China, 2020 edition [10], polyphyllin I (PPI, C44H70O16) is one of the important constituents of quality standards 
for the medicinal value of Chonglou. Previous studies have demonstrated that PPI not only induces programmed cell 
death (PCD) in NSCLC cells by inhibiting cell proliferation, invasion, and migration but also exerts anti-tumor effects 
in NSCLC patients through mechanisms such as promoting cell cycle arrest and enhancing the sensitivity to chemo-
therapy and targeted drugs agents, which are strongly associated with the progression of NSCLC [11-14]. It is note-
worthy that PPI is involved in the biological processes of multiple PCD modalities in tumors: modulation of the 
MALAT1/STAT3 signaling pathway promotes apoptosis in gefitinib-resistant NSCLC cells [15], mediates cellular 
pyroptosis via caspase-3/Gasdermin E and ultimately inhibits cell proliferation in pancreatic cancer cells [16], and 
the combination of Z-IETD-FMK may activate necroptosis, thereby increasing the rate of apoptosis in hepatocellular 
carcinoma cells [17]. Several studies have shown that apoptosis, pyroptosis, and necroptosis are complex and diverse 
processes with complex interactions [18-20]. Until 2019, Malireddi et al. identified a mode of inflammatory PCD 
stimulated by specific stimuli and regulated by the PANoptosome complex, which serves as a molecular scaffold to 
simultaneously house key proteins that activate pyroptosis, apoptosis, and necroptosis [21-23]. They referred to this 
concurrent regulation of pyroptosis, apoptosis, and necroptosis as PANoptosis. An increasing number of studies have 
confirmed that PANoptosis plays a role in various cancer biological processes. For example, Malireddi et al. [24] 
found that the combination of TNF-α and IFN-γ induces PANoptosis in various cancer cell lines, leading to the de-
struction of cancer cells. Karki et al. determined that ADAR1 downregulates ZBP1-mediated PANoptosis and pro-
motes tumorigenesis in vivo [25] and regulates PANoptosis through IRF1 to limit colorectal cancer progression [26]. 
Wei et al. [27] observed that inhibiting the PANoptosis-related gene FADD significantly decreased the proliferation 
of lung cancer cells and that knockdown of FADD induced apoptosis and pyroptosis. From this, we hypothesized that 
PPI, an important active substance of Chonglou, is highly likely to regulate the PANoptosis program to influence the 
situation of tumor development and prognosis in NSCLC patients.  

By analyzing publicly available TCGA and GEO data, this work seeks to shed light on the link between the effec-
tive target of PPI, the active component of Chonglou, and the prognosis of patients with NSCLC. To provide a phar-
macological foundation and scientific reference for the clinical search for high-efficiency and low-toxic anticancer 
drugs, it is hoped that examining the potential regulatory factors and molecular mechanisms of PPIs in the biological 
process of PANoptosis, it will open up new treatment options for NSCLC. 

2. Materials and methods 

2.1 Data acquisition 

We obtained gene expression, clinical information, and mutation data for the lung adenocarcinoma (LUAD) and lung 
squamous cell carcinoma (LUSC) cohorts from TCGA database for use as the training group. Additionally, gene 
expression and survival information for NSCLC patients were sourced as validation groups from the GSE37745 and 
GSE30219 microarray datasets within the GEO database. Only samples with survival data were included in the study. 
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De-batch effect and log2 transformation for gene expression data cleaning and merging. We obtained the 2D Structure 
of PPI (PubChem SID: 375561473) from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/) and trans-
formed it by the SMILES method. Then, potential targets of PPI were predicted in Swiss Target Prediction 
(http://www.swisstargetprediction.ch/index.php) and TargetNet (http://targetnet.scbdd.com/home/index/). We ob-
tained genes related to PANoptosis including pyroptosis, apoptosis, and necroptosis from the Molecular Signatures 
Database (MSigDB). 

2.2 Evaluation of the PPI effective index 

First, the PPI target intersections were obtained by Swiss Target Prediction and TargetNet, and the gene expressions 
of these targets were obtained in the train group and validation group, respectively. Principal component analysis 
(PCA) was subsequently performed to identify the primary influencing factors in the target data. PCA analysis is a 
type of statistical analytic technique that may be used to identify the primary contradiction in a situation, separate out 
the key influencing elements from a variety of variables, highlight the essence of a situation, and simplify complicated 
issues. We used Principal Component Analysis to attempt to replace the original variable (PPI targets) with the com-
posite variable Principal Components (PCs) while striving to ensure the principle of minimal loss of information in 
the data. The sum of PC1 and PC2 of the targets of PPI represents the main influence degree of PPI on NSCLC 
patients, defined as the PPI effective index (PEI). 

2.3 Analysis of the clinical and immunologic correlates of PEI 

Differences in clinical characteristics of patients with different PEI were compared using a chi-square test. The 
CIBERSORT algorithm was employed to estimate the relative abundance of 22 immune cell types. Correlation anal-
ysis was then performed to investigate the association between PEI and the composition of these immune cells. In 
addition, the GSVA algorithm was used to explore differences in gene set function across PEI patients, while the 
GSEA algorithm was used to assess the major biological pathways enriched in patients with high PEI. 

2.4 Weighted correlation network analysis 

To investigate the relationship between the targeting effects of PPI and the process of PANoptosis, we applied 
weighted gene co-expression network analysis (WGCNA) to explore genome-wide association patterns, including 
immune characteristics and clinical data. For each NSCLC patient, immune scores, stromal scores, and tumor purity 
were calculated using the ESTIMATE algorithm. Co-expression modules were identified by gene interactions using 
the WGCNA algorithm in the train group and validation group, respectively, to explore the relevance of the modules' 
potential biological functions and immune profiles to PPI targets. First, the expression matrix of PANoptosis genes 
was obtained and the correlation coefficients of PANoptosis genes in NSCLC tissues were calculated using the 
"WGCNA" R package. The 'pickSoftThreshold' function in the WGCNA package was used to determine an appro-
priate soft threshold to enhance co-expression similarity and achieve scale-free topology. Pearson correlation analysis 
was then conducted to evaluate the associations between PANoptosis gene modules, PEI, and immune infiltration. 
Finally, the hub genes from the modules most strongly correlated with PEI characteristics were identified. Taking the 
intersection of the module hub genes obtained for the train and validation group, these PANoptosis-related hub genes 
regulated by PPI are defined as PPI-induced PANoptosis genes (PPGs). 

2.5 Functional enrichment analysis of PPGs 

We used the R package "clusterProfiler" to analyze PPGs by Kyoto Encyclopedia of Genes and Genomes Pathways 
(KEGG) and Gene Ontology (GO) to explore the biological functions of PPGs. 

2.6 Screening of feature PPGs and construction of PPG_score model 

To evaluate the prognostic significance of PPGs, we employed least absolute shrinkage and selection operator 
(LASSO), random forest (RF), support vector machine-recursive feature elimination (SVM-RFE), and extreme gra-
dient boosting (XGBoost) algorithms to identify signature genes with strong predictive power for overall survival 
(OS) in NSCLC patients. 

In the training cohort, the "glmnet" R package was utilized for variable selection and shrinkage within the LASSO 
algorithm. The independent variable was the normalized expression matrix of PPGs, and the response variable was 
the patient's OS status. The model's penalty parameter (λ) was determined using the minimum criterion, which 
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corresponds to the λ value with the lowest partial likelihood deviance, based on ten-fold cross-validation. Subse-
quently, the "randomForest" R package was applied to construct an RF model for predicting OS status using PANop-
tosis-related genes, with the Gini coefficient method employed to assess the importance of each feature in the RF 
model [28-30]. The top 20 genes in terms of significance value ("MeanDecreaseGini" index) were selected as survival 
trait genes for subsequent analysis. 

We then used the R package "XGBoost" for building the XGBoost classifier, and the expression values of the genes 
were used as the feature values for XGBoost model training. The loss function and the canonical terms were summed 
to synthesize an overall loss function, the second-order derivatives of this loss function were taken to determine the 
overall structure of the final tree, and the importance scores of individual genes were calculated to filter the genes 
with the top 20 importance scores [31, 32]. In addition, the "e1071" and "caret" R packages were used to screen the 
best set of genes as signatures for OS.status using the SVM-RFE method. SVM-RFE is an iterative backward selec-
tion algorithm that recursively removes genes with the smallest ranked scores until the best set of feature genes is 
selected. The intersecting genes identified by the four algorithms were used to construct a multivariate Cox regression 
model. A prognostic scoring model, PPG_score, was then developed by calculating the sum of the product of each 
gene’s Cox regression coefficient (β) and its corresponding RNA expression level. The formula is as follows: 
PPG_score = (βRNA1* RNA1 expression level) + (βRNA2* RNA2 expression level) + (βRNA3* RNA3 expression level) 
+ ⋯ + (βRNAn* RNAn expression level). The PPG_score was calculated for all samples, and its predictive performance 
for patient prognosis was evaluated using ROC curves and independent prognostic analyses. 

2.7 Construction and evaluation of clinical nomogram 

To assess the clinical utility of the PPG_score, we integrated it with clinical variables to construct a nomogram for 
predicting 1-, 3-, and 5-year patient survival rates. The nomogram’s reliability was validated using calibration curve 
analysis, ROC curves, the C-index, and decision curve analysis (DCA). 

2.8 Correlation of PPG_scores with immune infiltration 

We employed the Wilcoxon rank-sum test to analyze differences in immune cell abundance and immunological scores 
between patients with high and low PPG_scores, aiming to investigate variations in immune infiltration. Additionally, 
we examined the relationship between immune cells and the genes contributing to the PPG_score. Furthermore, we 
compared immune responses and tumor immune dysfunction and exclusion (TIDE) scores between patients with 
high and low PPG_scores. 

2.9 Correlation of PPG_score with PPI targets 

We used Pearson correlation analysis to explore the relationship between the genes associated with the PPG_score 
and the expression levels of 68 PPI targets (|COR| < 0.4, P < 0.001). The correlations between PPG_score-associated 
genes with a CONFIDENCE score > 0.4 and PPI target-encoded proteins were obtained from the STRING database. 
Additionally, the interactions of PPG_score-related genes with PPI targets, both at the gene and protein levels, were 
visualized using Cytoscape (version 3.9.1). 

2.10 Correlation of different PPG_scores with mutant landscapes 

The "maftools" package was utilized to generate the mutation annotation format (MAF) from the TCGA database, 
which was used to analyze the mutation profiles of patients with varying PPG_scores. Tumor mutation burden (TMB), 
defined as the number of mutations per million bases, was calculated and compared between the two patient groups. 

2.11 ScRNA-seq analysis characterizing PPG_score modeling genes 

We used the TISCH database [33] (http://tisch.comp-genomics.org/) to obtain 203,298 cells of 44 NSCLC samples 
from the GSE131907 dataset [34] for the scRNA-seq information. Get the results of cell clusters obtained using the 
UMAP dimensionality reduction algorithm and perform cellular annotation on the clusters. The expression of 
PPG_score modeling genes was visualized in different cell types.  

2.12 Immunohistochemistry analysis 

Immunohistochemistry (IHC) data for PPG_score-associated genes were retrieved from the Human Protein Atlas 
(https://www.proteinatlas.org) to compare the expression levels of these markers in normal lung tissue versus lung 
cancer tissue. 



Kai Tan, Changhui Zhang, Zuomei He, Puhua Zeng 
 

 

DOI: 10.26855/ijcemr.2024.10.003 532 International Journal of Clinical and Experimental Medicine Research 

 

2.13 Statistical analysis 

Statistical analyses were performed using R software (version 4.2.1) and relevant packages. Cytoscape (version 3.9.1) 
was employed to visualize gene and protein interactions. Multifactorial Cox stepwise regression was used to develop 
prognostic models. The Kaplan-Meier method, along with the log-rank test, was utilized to evaluate survival out-
comes. Correlation analysis was conducted using Pearson’s correlation coefficient, while the Wilcoxon rank-sum test 
was applied to compare data between groups. Statistical significance was defined as P < 0.05. 

3. Results 

3.1 Acquisition of PPI targets and evaluation of PEI 

The flowchart of the study is shown in Figure 1. We merged the LUAD and LUSC cohorts of the TCGA database as 
the training group to obtain 1,002 samples with transcriptional profiles and survival information; we used the 
GSE37745 and GSE30219 datasets of the GEO database as the validation group and obtained 468 samples after the 
merger. We used the Swiss Target Prediction and TargetNet databases to predict the targets of PPI and obtained 68 
intersecting targets (Figure 2A). Most of the 12 genes in the PPI targets that were significant for NSCLC prognosis 
were positively correlated (Figure 2B). We extracted the expression of these 68 targets of PPI in the gene expression 
profiles of NSCLC patients in the train and validation groups and analyzed the main effects of PPI targets by PCA. 
Significantly higher importance of PC1 and PC2 was found in both groups (Figures 2C, D). The PEI was obtained 
by calculating the sum of PC1 and PC2, which represents the major role of PPI in NSCLC patients. Among PPI 
targets, OS was significantly shorter when ADORA1, BCL2L1, CDK1, F2, MMP12, PPARD, SERPINE1, and TYMS 
were highly expressed, whereas patients had longer OS when ADRA1A, ADRA2B, and EPHX2 were highly expressed 
(Figure 2E, P < 0.05). 

 
Figure 1. Workflow Diagram. 
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Figure 2. Identification of PEI. Acquisition of PPI targets (A). Correlation analysis of prognostic-related PPI targets (B). PCA 

analysis of PPI targets in train (C) and validation (D) sets. Survival analysis of prognostic-related PPI targets (E). 

3.2 PEI with clinical features, immune infiltration, and functional enrichment analysis 

The chi-square test results of the clinical characteristics of patients with high and low PEI showed significant differ-
ences in age, gender, and tobacco smoking history among patients with different PEI (Figure 3A, P < 0.05). Correla-
tion analysis of PEI with immune cell abundance revealed that PEI was positively correlated with neutrophils, resting 
mast cells, and activated CD4+ memory T cells, while negatively correlated with activated NK cells, follicular helper 
T cells, and activated mast cells (Figure 3B, P < 0.001). Additionally, patients with high PEI had significantly higher 
levels of activated CD4+ memory T cells and resting dendritic cells, and significantly lower levels of follicular helper 
T cells and naive B cells (Figure 3C, P < 0.05). GSEA showed that, compared to the low-PEI group, the high-PEI 
group was enriched in immune pathways such as leukocyte transendothelial migration, natural killer cell-mediated 
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cytotoxicity, and B cell receptor signaling (Figure 3D). Consistent with GSVA results, GSEA also indicated signifi-
cant enrichment in pathways related to cytokine receptor interactions, hematopoietic cell lineage, cell adhesion mol-
ecules (CAMs), and chemokine signaling in the high-PEI group (Figure 3E). In addition, stage II, age over 70 years 
old and female NSCLC patients have higher PEI (Figure 3F). This suggests to us that different PEI patients have 
different clinical characteristics and immune landscapes and that immune function and cytokines may be more active 
in patients who act more efficiently on PPI. 

 
Figure 3. Correlation of PEI with clinical factors and immunity. Correlation between the level of PEI and clinical factors (A). 

The relationship between PEI levels and immune cell content (B, C). GSVA (D) and GSEA (E) between high and low PEI 
groups. Comparison of PEI in patients with different clinical characteristics (F). 
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3.3 WGCNA recognizes PEI-related PANoptosis genes 

To explore the relationship between PPI and PANoptosis, WGCNA was performed on the expression profiles of 623 
PANoptosis from the train and validation groups (Figure 4A). The optimal soft threshold power β was 4 for both 
groups (Figures 4B, C), and 5 modules were identified by both soft threshold power and average link hierarchy 
clustering (Figures 4D, E). We investigated the correlation between each module hub gene and PEI, as well as their 
associations with immune infiltration. We found that the blue module in the training group and the turquoise module 
in the validation group were significantly associated with immune scores, tumor purity, and PEI in NSCLC patients 
(Figures 4F, G, P < 0.05). Therefore, we identified the training group blue module and test group turquoise module 
hub genes (Figures 4H, I, Module Membership > 0.4 and gene significance for PEI > 0.4), and took the intersecting 
genes as PPGs for the next analysis (Figure 4J). 

 
Figure 4. Identification of PPGs using the WGCNA method. Collection of PAN genes(A). WGCNA for PPGs in train (B, D, F, 
G) and validation (C, E, G, I) sets. Determination of Optimal Soft Thresholding (B, C). Choice of optimal soft thresholding. 
Sorting of modules (D, E). Relationship between module genes and PEI and immune infiltration (F, G). Screening of module 

hub genes (H, I). The intersection of two sets of hub genes (J). 
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3.4 Biological functions of PPGs enrichment 

As illustrated in Figure 5, KEGG pathway analyses revealed that PPGs were significantly enriched in apoptosis-
related signaling pathways, including the extrinsic apoptotic signaling pathway (GO:0097191), regulation of apop-
totic signaling (GO:2001233), and apoptosis (hsa04210). Additionally, PPGs were prominently associated with im-
mune functions such as leukocyte cell-cell adhesion (GO:0007159), leukocyte proliferation (GO:0070661), regula-
tion of T cell activation (GO:0050863), primary immunodeficiency (hsa05340), and the PD-L1 expression and PD-
1 checkpoint pathway in cancer (hsa05235). These findings suggest that PANoptosis genes linked to PPI targets are 
involved not only in apoptotic processes but also in the regulation of immune functions and the expression of PD-L1 
and the PD-1 checkpoint pathway, warranting further investigation. 

 
Figure 5. GO (A) and KEGG (B) enrichment analysis of PPGs. 

3.5 Screening of feature PPGs and constructing the PPG_score 

Four algorithms were employed to screen for feature PPGs among the 37 intersecting genes in the training cohort of 
1002 cases. Multivariable Cox regression was used to construct the PPG_Score model, and its predictive performance 
was validated in an independent cohort of 468 cases. 

Firstly, LASSO regression analysis was performed using cross-validation, revealing that the model's root mean 
square error (RMSE) was minimized with 25 variables (Figure 6A). Secondly, a circular random forest (RF) classi-
fication was conducted across all possible numbers of trees for the 37 PPGs, and the average error rate of the model 
was calculated. The model error plot indicated that the error stabilized when the number of classification trees was 
approximately 300 (Figure 6B). During RF model construction, the Gini coefficient method was used to assess vari-
able importance, resulting in the selection of the top 30 feature genes based on the importance output and the top 20 
feature genes based on the "MeanDecreaseGini" index (Figure 6C). Additionally, the SVM-RFE algorithm demon-
strated that the residual sum of squares (RESM) was minimized with 34 PPGs (Figure 6D). Then, we ranked the 
importance of the 37 genes by the XGBoost algorithm consisting of multiple decision trees and selected the top 20 
feature genes with importance scores (Figure 6E). We took the intersection of the results obtained by the three meth-
ods to obtain 11 feature PPGs (Figure 6F). Finally, we constructed a PPG_score consisting of 6 genes by multifactor 
Cox stepwise regression analysis (Figure 6G). The PPG_score formula is as follows: 

PPG_score = (0.302)*SP100 + (0.146)*IRF1 + (0.217)*PTGIS + (-0.206)*BTK + (-0.176)*PTPRC + 
(0.092)*G0S2 

According to ROC analysis, the AUC values of 1,3,5,10-year survival prediction of PPG_score in the train group 
were 0.602,0.644,0.583 and 0.546 (Figure 6H), and those in the validation group were all greater than 0.52 (Figure 
6I), indicating that the PPG_score has some predictive ability. The results of univariate and multivariate Cox regres-
sion analyses indicated that both PPG_score and Pathologic_T were independent prognostic factors for NSCLC pa-
tients (Figures 6J, K, HR > 1, P < 0.05). 
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Figure 6. Screening of characteristic PPGs and construction of prognostic PPG_score model. The number of variables with 

the smallest cross-validation error for lasso regression (A). The error distribution map (B) and the top 30 genes of importance 
of the random forest algorithm (C). The SVM-RFE algorithm obtains the number of variables when the RMSE is minimized 
(D). The XGBoost algorithm screens the top 30 most important genes (E). The intersection gene of four algorithms(F). Con-
struction of multivariate Cox regression model (G). The ROC curve evaluates the predictive accuracy of the model train (H) 
and validation groups (I). Univariate (J) and multivariate (K) regression analysis of PPG_score and clinical characteristics. 

3.6 Construction and evaluation of PPG_score-related clinical nomogram 

The PPG_score-based clinical nomogram was used to estimate 1-, 3-, and 5-year overall survival (OS) for NSCLC 
patients (Figure 7A). The calibration curve demonstrated high accuracy, with close alignment between actual obser-
vations and predicted values (Figure 7B). The area under the curve (AUC) values for the 1-, 3-, 5-, and 10-year ROC 
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curves for this nomogram were all greater than 0.65 (Figure 7C). Compared to other clinical factors, the nomogram 
exhibited a higher C-index, indicating superior consistency in OS prediction (Figure 7D). Additionally, the nomogram, 
when combined with various clinical factors, provided a higher net clinical benefit compared to using a single clinical 
factor (Figure 7E). All these results suggest that PPG_score-related clinical column line graphs can provide some 
guidance for prognostic observation of NSCLC patients. 

 
Figure 7. Construction and evaluation of clinical nomograms. Clinical nomogram of PPG_score and clinical variables (A). 

Calibration curve (B), ROC curve (C), DCA analysis (D) and C-index (E) evaluated the prognostic performance of the nomo-
gram. 

3.7 Correlation of PPG_score with immune infiltration 

Immune infiltration study revealed considerably greater levels of Macrophages M0, active Dendritic cells, and sig-
nificantly lower levels of Dendritic cells resting in patients in the high-PPG_score group (Figure 8A). All six genes 
used for modeling PPG_score were significantly correlated with various immune cell types. Specifically, these genes 
were positively correlated with activated CD4+ memory T cells and resting mast cells, and negatively correlated with 
plasma cells, activated mast cells, and naive B cells (Figure 8B). The ESTIMATE algorithm was employed to evaluate 
TME scores in NSCLC patients, revealing significantly higher stromal scores and lower immune scores in the high-
PPG_score group (Figure 8C). Furthermore, the high-PPG_score group exhibited a higher TIDE score, indicating a 
greater likelihood of immune escape and a lower probability of successful immunotherapy (Figure 8D). The incidence 
of immune response reactions was also lower in the high-PPG_score group (Figure 8E). This implies that individuals 
with a high PPG_score may have a weaker immune response and a worse prognosis. 
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Figure 8. Immune signature and mutational landscape of patients with different PPG_score. Differences in immune cell con-
tent in patients with different PPG_score (A). Correlations of modeled genes and immune cell content (B). Differences in tu-

mor microenvironment scores of patients with different PPG_score (C). Differences in TIDE (D) and immune responses (E) in 
patients with different PPG_score. Correlation analysis between PPI and modeled genes at gene level (F)and protein level 

(G). Differences in TMB of patients with different PPG_score. Mutational landscape of patients with high and low PPG_score 
(I). 
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3.8 Correlation of PPG_score with PPI targets 

Pearson correlation analysis showed that the six genes for modeling PPG_score correlated with the gene expression 
levels of 13 PPI targets, and all of them were positively correlated (Figure 8F, COR > 0.4 and P < 0.001). PPI analysis 
showed that the six PPG_score modeling genes correlated with the encoded proteins of 27 PPI target genes (Figure 
8G). The gene level and protein level of 9 PPI targets (PTAFR, FLT3, HTR2A, PTPN7, PTPN22, S1PR1, TBXAS1, 
CASP1 and PDGFRB) correlated with the PPG_score, suggesting that these 9 PPI targets may regulate the PANop-
tosis pathway in NSCLC patients through interaction with the six PANoptosis genes, affecting the prognosis of pa-
tients. 

3.9 Correlation of different PPG_scores with mutant landscapes 

Evaluation of TMB in NSCLC patients revealed that those with high PPG_scores had significantly higher TMB and 
a greater likelihood of mutations (Figure 8H). Analysis of the mutation landscape showed that the incidence of so-
matic mutations was higher in the high-PPG_score group (94.54%) compared to the low-PPG_score group (92.71%) 
(Figure 8I). The three genes with the highest mutation rates were TP53, TTN, and MUC16, with mutations in these 
genes occurring more frequently in the high-PPG_score group than in the low-PPG_score group (Figure 8I). These 
findings suggest that patients with high PPG_scores are more prone to genomic instability and a higher frequency of 
mutations, which may contribute to tumor development. 

3.10 Single-cell sequencing and immunohistochemical techniques to probe the expression of PPG_score 
modeling genes 

 
Figure 9. Single-cell sequencing and immunohistochemical analysis of the modeling genes of PPG_score. The clusters (A) and 
main cell types (B) of NSCLC_GSE131907 single-cell data. The expression levels of the modeling genes of PPG_score in dif-

ferent cell types (C). Protein expression levels of independent prognostic factors IRF1, SP100 and PTGIS (D). 
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The analysis of the TISCH database showed that the 203,298 cells of the GSE131907 dataset were dimensionality 
reduction analyzed to obtain 25 characterized clusters (Figure 9A), and 12 major cell types were annotated based on 
the expression of the genes characterizing these clusters, including endothelial, Epithelial, Fibroblasts, etc. (Figure 
9B). Among the six PPG_score modeling genes, PTPRC, IRF1, and G0S2 were relatively highly expressed, and the 
independent prognostic factors IRF1 and G0S2 were relatively highly expressed in Fibroblasts and DCs (Figure 9C). 
In addition, immunohistochemical results showed that the independent prognostic genes IRF1, SP100, and PTGIS 
were highly expressed in lung cancer tissues compared with normal lung tissues (Figure 9D). So, we hypothesized 
that the potential tumor-promoting effects of IRF1 and G0S2 may occur and develop in Fibroblasts. 

4. Discussion 

NSCLC has been a difficult hotspot in the research of major human diseases, and despite the rapid progress in the 
treatment of NSCLC, there is a growing need for novel therapeutic strategies to reduce the mortality of NSCLC [35]. 
Chonglou has been widely used in the treatment of NSCLC since ancient times, and modern studies have even proved 
that Chonglou is anti-NSCLC through various pathways involving a range of active compounds, among which PPI 
is the most significant steroidal saponin extracted from Chonglou, renowned for its substantial anti-tumor activity 
[36]. Therefore, ongoing excavation of the anti-tumor mechanism of PPI is of great significance in promoting the 
research and development of innovative anti-tumor drugs. 

First, in this study, gene expression data of PPI targets in NSCLC patients from the TCGA database were obtained, 
and PCA analysis was used to obtain the main effects of the targets of PPI in NSCLC patients, which were expressed 
as PEI. We found that different PEIs have significant clinical characteristics and immune landscapes. In addition, a 
strong interaction module of PEI with PANoptosis was identified by the WGCNA algorithm, which was also highly 
correlated with immune function and tumor purity. Interestingly, our joint NSCLC dataset of two microarrays in the 
GEO database validates this conclusion. This suggests that the targets of PPI may influence tumor progression and 
prognosis in NSCLC patients by participating in the biological process of PANoptosis. 

Then, we employed four machine learning techniques (LASSO, RF, SVM-RFE, and XGBoost) to screen for genes 
identified in the module that impact the survival status of NSCLC patients in order to elucidate the possible molecules 
of PPI-regulated PANoptosis. And we successfully constructed the PPG_score prognostic score model consisting of 
six genes, SP100, IRF1, PTGIS, BTK, PTPRC and G0S2. In addition, we constructed a clinical column-line diagram 
of PPG_score joint clinical characteristics, which has better predictive accuracy and net clinical benefit. SP100, IRF1, 
PTGIS, and G0S2 in the prognostic model were all independent prognostic factors of PPI-regulated PANoptosis af-
fecting patients' OS. We hypothesized that the targets of PPI may bind to G0S2, PTGIS, SP100, and IRF1, which 
modulate the process of PANoptosis in tumor cells, leading to poor patient prognosis. Since cancer cells are suscep-
tible to resistance to currently available drug therapies, elucidating anti-tumor molecular mechanisms by exploring 
Chonglou's active ingredients as well as activating multiple forms of PCD could be constructive in overcoming the 
limitation of drug resistance in NSCLC. 

Welch et al. [37] demonstrated that the G0/G1 switch gene 2 (G0S2) interacts with the anti-apoptotic protein Bcl-
2 thereby promoting apoptosis as well as epigenetic suppression in NSCLC, increasing the likelihood that G0S2 is 
an NSCLC suppressor gene. Another study found that in abdominal aortic aneurysms G0S2 was mainly associated 
with necroptosis through KEGG pathway enrichment [38]. In addition to this, G0S2 is significantly more methylated 
in LUSC [39], and its ectopic expression prevents NSCLC cells growth and leads to increased susceptibility of 
NSCLC to apoptosis [40]. It was shown that overexpression of prostaglandin I2 synthase (PTGIS) induced apoptosis 
in the HEK-293 cell line [41] as well as in vivo and in vitro activated hepatic stellate cells [42]. Meanwhile, PTGIS 
is a target in NSCLC biology: Lei et al. [43] revealed that PTGIS has a role in promoting LUSC proliferation, migra-
tion and invasion; Dai et al. [44] found that PTGIS significantly promotes the infiltration of LUSC-associated mac-
rophages and Tregs in the TME, with poor prognosis at high expression; Liang et al. [45] showed that PTGIS-
RS6125671 led to an increased risk of lung cancer. SP100 is a component of PML nucleosomes (PML-NBs), and 
Milovic-Holm et al. [46] found that the knockdown of SP100 specifically sensitized human fibrosarcoma cells to 
CD95-mediated apoptosis by enhancing nucleoplasmic translocation in FLASH. And it was shown that SP100 en-
hances the transcriptional activity of ETS1, a factor implicated in apoptosis, metastasis and invasion [47]. Various 
studies have found the importance of SP100 expression in tumor development [48-50], while SP100 has been less 
studied in NSCLC: Donner et al. [51] found that SP100 displays potentially pathogenic mutations in young non-
smoking women with LUAD. Interferon regulatory factor 1 (IRF1) has long been a molecule that activates a variety 
of PCD effects and serves as a key upstream regulator of PANoptosis to limit cancer cells growth [24, 26, 52]. It has 
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been shown that IRF1 is a novel negative regulator of the transcription of the oncogenic protein KPNA2 and acts as 
a repressor in NSCLC [53]; the exosome miR-21, which is derived from hypoxic NSCLC cells, promotes macrophage 
M2 polarization and induces NSCLC progression by targeting IRF1 [54]; and IRF1 increases the sensitivity to cis-
platin treatment by regulating apoptosis, autophagy, and mitochondrial homeostasis in NSCLC cells [55]. However, 
in our study, we discovered for the first time that elevated levels of G0S2, SP100, and IRF1 leads to poor prognosis 
in NSCLC. 

Additionally, we discovered that the low PPG_score group had a considerably better prognostic profile than the 
high PPG_score group, as well as a more responsive immune response and reduced mutation frequency. In order to 
further clarify the effects of PPI regulation on the potential targets of PANoptosis, SP100, IRF1, PTGIS, BTK, PTPRC, 
and G0S2, on NSCLC, we analyzed single-cell data from NSCLC, and found that IRF1 and PTPRC were relatively 
highly expressed in NSCLC tissues, and the independent prognostic factors, IRF1, PTGIS, and G0S2, were all rela-
tively highly expressed in Fibroblasts. 

In addition, immunohistochemistry testing revealed that lung cancer had higher amounts of the proteins SP100, 
IRF1, and PTGIS than healthy lung tissues did. All of these findings imply that PPIs may have a role in biological 
processes connected to PANoptosis through the control of important PANoptosis molecules such IRF1, PTGIS, etc., 
particularly in fibroblasts, which adversely affects the prognosis of NSCLC patients. 

Several previous studies have reported that key PANoptosis genes including IRF1, PTGIS and G0S2 are involved 
in regulating important biological functions in Fibroblasts. Wu et al. [56] first demonstrated that IRF1 specifically 
interacts with miR-16-5p, leading to its increased expression in fibroblasts. This interaction promotes fibroblast pro-
liferation and migration, as well as angiogenesis in endothelial cells, thereby improving foot wound healing in dia-
betic rats. Orzalli et al. [57] identified an IL-1 cytokine-induced antiviral program in human fibroblasts and endothe-
lial cells that is dependent on IRF1. It was demonstrated that under hypoxic conditions, PTGIS expression levels were 
elevated in human fibroblasts and cancer cells, which in turn led to the interaction of PTGIS-produced PGI2 with 
PPARδ to increase the transcription of its target genes, such as VEGF [58]. Meanwhile, PTGIS is highly expressed in 
cancer-associated fibroblasts, leading to an increase in released PGI2, which promotes the shift of tumor-associated 
macrophages in ovarian cancer towards having an immunosuppressive and pro-tumorigenic phenotype [59]. Yim et 
al. [60] found that mouse embryonic fibroblasts deficient in G0S2 have a genetic signature associated with transfor-
mation, proliferation, and MYC transcriptional responses, demonstrating that G0S2 has anti-tumor and anticarcino-
genic activities consistent with tumor suppression. Another study showed that the knockdown of G0S2 inhibited 
adipocyte differentiation and stimulated apoptosis in 3T3-L1 fibroblasts, resulting in impaired adipogenesis [61]. 
From this, we can clarify the mechanism of PPI-regulated PANoptosis in NSCLC patients by exploring the biological 
roles of potential NSCLC tumor markers IRF1, PTGIS, and G0S2 on the proliferation, angiogenesis, and apoptosis 
of Fibroblasts, and further explore the molecular regulatory network of these genes that affects the prognosis. 

However, this research still has some restrictions. The interaction between specific targets of PPI and PANoptosis 
was not clarified in this study, while ex vivo and in vivo experiments on potential biomarkers such as SP100, IRF1, 
and PTGIS have not yet been performed. In our future work, we intend to validate the biological functions of prog-
nostic model-related molecules through molecular biology experiments and animal experiments, and further explore 
the molecular regulatory network of PPI in regulating PANoptosis, in order to clarify the pharmacological effects of 
PPI on NSCLC and the potential drug targets. 

5. Conclusion 

In this study, the role of PPI in the regulation of PANoptosis was identified and verified by combining TCGA and 
GEO data to simultaneously examine the primary impacts of PPI targets on NSCLC patients. Meanwhile, key prog-
nostic markers for potential PPI-targeted PANoptosis were screened using various machine learning algorithms, and 
a six-gene prognostic score model, PPG_score (SP100, IRF1, PTGIS, BTK, PTPRC, and G0S2), was successfully 
constructed. Furthermore, immunohistochemical techniques and single-cell data clarified the high expression levels 
of these genes in NSCLC and their activity in fibroblasts. This study reveals the strong interaction of PPI on PANop-
tosis and provides scientific guidance and new directions for uncovering the potential molecular mechanisms of PPI 
action on NSCLC by screening the characteristic genes of this biological process. 
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