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Introduction: Esophageal squamous cell carcinoma (ESCA) is one of the most
common cancers worldwide. PANoptosis is an in ammatory programmed cell
death pathway event regulated by the PANoptosome complex. Currently, there is
limited research on the PANoptosis-related genes (PORGs) in ESCA. We aim to
explore the prognostic biomarkers of PANoptosis in ESCA and their underlying
mechanisms through comprehensive bioinformatics analysis.

Methods: In this study, we analyzed transcriptome and single-cell RNA
sequencing (scRNA-seq) data from The Cancer Genome Atlas (TCGA) and
Gene Expression Omnibus (GEO) databases. Weighted gene co-expression
network analysis (WGCNA) and differential expression analysis were used to
identify PANoptosis-related differentially expressed genes (POR-DEGS) in
esophageal cancer. Hub genes were screened by univariate and multivariate
Cox regression combined with machine learning models to construct diagnostic
and prognostic models. The potential mechanisms of hub genes in esophageal
cancer were preliminarily explored through gene immune in Itration and
functional enrichment analysis. The differences and driving factors between
high- and low-risk subgroups, as well as the regulation of PANoptosis by hub
genes related to macrophages, were further revealed by immune assessment,
drug sensitivity analysis, single-cell analysis, and molecular docking. Finally, the
accuracy of model genes was veri ed by immunohistochemistry in
clinical samples.

Results: Firstly, 74 PANoptosis-related differentially expressed genes (POR-DEGS)
were identi ed for further analysis. Among the 74 genes, CCT6A, GMNN, and
HSPB6 were identi ed as hub genes, and the constructed diagnostic and
prognostic models were valuable. The high-risk subgroup showed poor
prognosis, immune exhaustion, signi cant activation of pDC-LILRA4 cells, poor
response to immunotherapy, and moderate sensitivity to chemotherapy. Further
exploration of the immune regulatory mechanism of prognostic biomarkers
revealed that the three hub genes, CCT6A, GMNN, and HSPB6, were closely
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related to the ESCA immune microenvironment. The CCT6A targeted by the
traditional Chinese medicine component quercetin may inhibit PANoptosis by
promoting the differentiation of Mono-CD14 cells into TAM-SPP1 macrophages.
Discussion: We constructed prognostic and diagnostic models using
PANoptosis-related prognostic biomarkers, analyzed the differences and
treatments between high-risk and low-risk groups, and revealed a new
mechanism by which CCT6A may inhibit PANoptosis by promoting TAM-SPP1
differentiation, providing new targets and biomarkers for ESCA treatment.

KEYWORDS

CCT6A, esophageal cancer, GMNN, HSPB6, PANoptosis, prognostic markers,
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1 Introduction

Esophageal cancer is a common malignant tumor of the
digestive system, characterized by invasiveness, early spread, rapid
tumor recurrence and poor prognosis (1). In recent years, the
incidence of esophageal cancer has been on the rise. According to
the latest research data from international and domestic research
institutions, in 2022, its incidence ranked 11th among global
tumors, and its mortality rate ranked 7th (2). The two main
subtypes of esophageal cancer are esophageal squamous cell
carcinoma (ESCC) and adenocarcinoma (EAC), which are
different in epidemiology and biology (3). Patients with
esophageal cancer usually present with main symptoms such as
dysphagia, gastrointestinal bleeding, repeated aspiration or
vomiting, and weight loss.

PANoptosis is a programmed cell death (PCD) pathway
activated by speci c stimuli and regulated by the PANoptosome
complex. It integrates the molecular mechanisms of apoptosis,
pyroptosis and necroptosis, forming a multi-pathway synergistic
regulatory network (4). Its core features are re ected in: 1. Sharing
the key regulatory nodes of apoptosis, pyroptosis and necrotic
apoptosis at the molecular level; 2. Pathologically, it has both pro-
in ammatory and non-pro-in ammatory dual modes. 3. The cell
phenotype can simultaneously present mixed characteristics such as
apoptotic body formation, membrane pore generation and content
release (4). The assembly of the PANoptosome complex and the
activation of PANoptosis occur simultaneously in
autoin ammation, infection, neurodegenerative diseases and
cancer (5). It is crucial for eliminating host pathogens after
infection, cancer treatment, immunity and disease prevention (6).
Recently reported cases such as breast cancer (7), clear cell renal cell
carcinoma (8), intrahepatic cholangiocarcinoma (9), pancreatic
cancer (10), lung adenocarcinoma (11), thyroid cancer (12),
hepatocellular carcinoma (13), intestinal adenocarcinoma (14),
cutaneous melanoma (15), and multiple myeloma (16) have all
utilized PANoptosis-related genes to construct prognostic models
or unsupervised classi cations. However, the speci ¢ regulatory
network of PANoptosis in ESCA and its interaction with the tumor
microenvironment have not been fully elucidated, which restricts its
potential for clinical transformation. Analyzing the mechanism of
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action of PANoptosis-related prognostic biomarkers in tumor cells
and immune cells will help develop precise treatment strategies
based on pan-apoptotic regulation.

The combined analysis of single-cell sequencing (SCRNA-seq) is
widely used in many studies as a powerful tool for discovering
important cell types and diagnostic markers to identify relevant
biomarkers for characterization (17). This joint analysis provides a
more reliable theoretical basis for the study of disease pathogenesis,
allowing for precise exploration of individual cell populations at an
unprecedented resolution (18).

This study, based on the TCGA and GEO databases, introduced
the concept of PANoptosis into ESCA research and combined
single-cell sequencing to analyze its cell-speci ¢ regulatory
network. Build a multi-gene combined prognosis/diagnosis model
to promote the development of ESCA precision medicine. To reveal
the new mechanism by which quercetin may act on CCT6A, which
promotes the differentiation of monocytes into TAM-SPP1, to
inhibit PANoptosis, and to provide some references for the
clinical treatment of ESCA patients.

2 Materials and methods
2.1 Data collection

The ESCA dataset collected from TCGA includes 13 normal
tissue samples and 185 ESCA samples. The GSE17351 dataset
includes 5 ESCC samples and 5 normal tissue samples, the
GSE38129 dataset includes 30 ESCC samples and 30 normal
tissue samples, and the GSE29001 dataset includes 21 ESCC
samples and 24 normal tissue samples. The single-cell dataset
GSE196756 includes 3 patients with esophageal squamous cell
carcinoma and 3 patients with matched adjacent tissues. The
tissue microarray was purchased from Shanghai Xinchao
Biotechnology Co., LTD. Among them, the HEsoS060CS01 serial
number contains 2 normal esophageal tissues and 30 pairs of
esophageal cancer tissues and adjacent tissues, and the
HEsoSqu060PGO01 serial number contains 30 pairs of esophageal
cancer tissues and adjacent tissues. Some PANoptosis-related genes
are derived from previous studies (19).
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2.2 Differential gene analysis

To detect TCGA_DEGs between the regular group and the
ESCA group in the TCGA-ESCA dataset, we used the “wilcoxon”
software (20). Set the threshold at p.AJ <0.05, >1. The ggplot2 and
ggVolcano volcano distribution maps show TCGA_DEGs. The heat
map shows the top50 TCGA_DEGs (top50 downregulated and
top50 upregulated).

2.3 Weighted gene co-expression network
analysis

The “GSVA” software calculates the sSSGSEA scores of 14 PORGs.
The SSGSEA score is a clinical feature. We grouped the samples and
removed outliers to ensure the accuracy of the analysis. Then create
the feature heat map, sample dendrite map and soft threshold.
Generate phylogenetic trees by utilizing genetic similarity and
adjacency. The gene module ssGSEA_WGCNA with the highest
correlation with clinical features (or =0.15 and p<0.05, or =0.39 and
p<0.0001) was taken as the key for subsequent analysis.

2.4 Single-cell data processing

The scRNA-seq data were derived from GSE196756, which
included 3 ESCC specimens and 3 adjacent specimens. Quality
control ensures that the number of expressed genes detected in each
cell is greater than 300 and less than 7000, the proportion of
mitochondrial gene expression in the total genes in each cell is
less than 10%, and that of red blood cells is less than 3%. The UMI
count content of sequencing in each cell is greater than 1000, and
the top 3% cells with the largest are excluded. We executed the
“Find Variable Characteristics” function to screen the top 2,000
high-variable genes for harmony analysis. The cells are clustered
using consensus clustering and visualized using the UMAP
algorithm based on harmony. Myeloid cell subsets were
annotated using double-cell excision and marker genes of myeloid
cell subtypes, while epithelial cell subsets were annotated using
double-cell excision, marker genes of epithelial cell subtypes and the
“infercnv” package. The expression of scDEGs was analyzed for
differential gene expression using the Seurat FindMarker function,
with the threshold set at |log2FC| >0.25.

2.5 Machine learning methods

Among these POR-DEGs, identify the POR-DEGs related to
prognosis and conduct subsequent analyses. The univariate Cox
proportional hazards regression model was used to analyze the
correlation between POR-DEGs and overall survival (OS) in the
internal validation of TCGA, and those with OS 30 days were
included in the analysis. The machine learning method employs
LASSO penalized Cox proportional hazards regression, RF
algorithm and SVM-RFE algorithm to screen POR-DEGs in the
internal validation of TCGA. The prognostic genes were obtained
by taking the cross-genes of the three machine learning algorithms
through 10-fold cross-validation. Then, prognostic genes were used
to construct a prognostic model related to ESCA.
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The risk score was calculated using multivariate Cox regression
coef cients, with the formula being: Risk score =[expression level of
gene 1 *coef][expression level of gene 2 *coef] ... [Gene n expression
level *coef], and then divided into high-risk group and low-risk group
according to the median. To evaluate the reliability of predicting the
prognosis of POR-DEGs, we plotted the Kaplan-Meier (K-M) survival
curve using the R software package “Survival” (21). To further re ect
the sensitivity and speci city of POR-DEGs, we conducted a time-
varying receiver operating characteristic (ROC) curve analysis using
the R software package “survivalROC” (22). In addition, univariate
and multivariate analyses of POR-DEGs OS and clinicopathological
factors in the entire TCGA cohort were conducted using the R
package “survival” (21). In addition, independent t-tests were used
to analyze the correlation between POR-DEGs and different
clinicopathological factors.

2.6 Construction of prognosis maps and
diagnostic models

Based on the above results, we constructed a prognostic
nomogram to quantitatively estimate the survival risk of patients
with HNSC. In addition, the correction curve is used to compare the
predicted survival possibility with the observed survival possibility.
Draw Nomograms and calibrate curves through the R package
“rms”. SHAP interpretable analysis further elaborates on the
contribution of each gene to prognosis. The internal validation of
TCGA and the external validations of GSE17351, GSE38129, and
GSE29001, which were corrected and integrated with the “ComBat”
batch, respectively detected the mRNA expression levels of POR-
DEGs using transcriptomics. When calculating the sensitivity and
speci city of the XGBoost model, the ROC curve and confusion
matrix were used for evaluation.

2.7 Gene function enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analyses were conducted via the
“clusterPro ler package” (23). Take P < 0.05 as the standard. In
addition, GSEA explored potential KEGG pathways (24) related to
prognostic genes through the “clusterPro ler” software package.

2.8 Evaluation of the tumor immune
microenvironment

CIBERSORT platform (https://cibersortx.stanford.edu) through
the M22 data sets match the expression pro le of this study, to help
us identify immune cells in Itrating in esophageal cancer patients
and normal person. The CIBERSORT algorithm was applied to
calculate the relative abundance (25) of 22 immune cells in Itrating
the ESCA microenvironment. Based on all immune in Itration
algorithms, correlation analysis was used to further calculate and
display the correlation between prognostic genes and differential
immune cells. “IBOR-IPS” was used to analyze the immunotherapy
responses of these high and low-risk groups. The “Estimate”
algorithm further revealed the in Itration of tumor immune cells
and stromal cells, and was used to evaluate the TME in high and
low-risk groups.
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2.9 Single-cell analysis

The processed GSE196756 dataset was used for further analysis
of the hub gene. The “ggplot2” and “Scop” were used to draw the
violin plot of hub gene expression, “AUCell” was used to score cells
based on PORGs, the correlation heat map was used to evaluate the
association between CCT6A and PORGs and the ssGSEA score of
PORGs, and “Sctenifoldknk” was used to virtually knockout the
hub gene in cells In addition to enrichment analysis, “Monocle3”
and “CytoTRACE2” were used for cell trajectory analysis and quasi-
temporal analysis, UMAP and bar charts were used to show the
changes in the proportion of cells in different groups, “Ro/e” was
used to analyze the distribution tendency of cell subpopulations,
“Augur” was used to analyze the gene perturbation of cell
subpopulations, and “ClusterGVis” was used for marking
Enrichment analysis of genes and dynamic genes, “CellChat”
inference and quanti cation of intercellular communication
interactions involved in cell clusters. The processed GSE196756
dataset was also used for further analysis of the high and low-risk
groups in the TCGA-ESCA cohort. “AUCell” was used to classify
the cells into high-risk driver groups and low-risk inhibitory groups
based on differences in gene expression, and “CellChat” was used to
identify the differences in efferent and afferent signals of cell types as
well as the relative contributions of ligand-receptors in the
signaling pathway.

2.10 Molecular docking

Map the hub gene CCT6A that regulates macrophages to the
Coremine medical ontology information retrieval platform (https://
coremine.com/medical/), and select the top 8 traditional Chinese
medicine drugs that may have a regulatory effect on the hub gene in
patients with esophageal cancer. In addition, in order to obtain its
target protein in a results le, in the PDB database (https://
www.rcsb.org/) and AlphaFold database (https://
alphafold.ebi.ac.uk/). Active ingredient from the PubChem
database (https://alphafold.ebi.ac.uk/) retrieval le structure, and
use the Open Babel 3.1.1 software to convert them into PDB format.
Then, the receptor protein was carefully prepared by removing
water molecules and ligands using PYMOL 3.1.1 software.
Subsequently, the necessary modi cations to the receptor protein
were carried out using the AutoDockTools software, including
hydrogenation and charge balancing. Subsequently, molecular
docking simulation was conducted between the receptor protein
and the small molecule ligand using AutoDock Vina 1.1.2. Finally,
the docking results were visualized using Pymol, with a focus on the
docking products that had good binding energy.

2.11 Immunohistochemistry

The 60-point esophageal cancer tissue microarrays (2
HEs0S060CS01 and 1 HEsoSqu060PG01) were placed in an oven
preheated to 60°C for 1 hour of wax drying treatment. After
completion, immediately take the chip out of the oven and place
it in a container containing xylene | for dewaxing for 15 minutes.
Then, transfer the chip to xylene Il in another container and carry
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out dewaxing treatment for the same period of 15 minutes.
Subsequently, the samples were respectively soaked in two
different anhydrous ethanols for 5 minutes for dewaxing. And
complete dewaxing treatment was carried out in the order of 95%
ethanol (5 minutes), 95% ethanol (5 minutes), and 85% ethanol
(5 minutes).

Subsequently, wash twice with PBS buffer and immerse the
sample in EDTA antigen remediation solution prepared with a pH
value of 9.0. Preheat in a microwave oven for 3 minutes and then
heat on medium-high heat for 10-15 minutes. During the process,
replenish the solution. After the sample was cooled at room
temperature for 1 hour, it was washed three times again with PBS
(each lasting 5 minutes), and then blocked with goat serum for 30
minutes. Next, the primary antibody was dropped onto the tissue
surface in a wet box and incubated overnight in a 4 °C refrigerator.

The next day, take the sample out outdoors for rewarming for
40 minutes, then add the secondary antibody and incubate for 30
minutes. After washing with PBS once, observe the yellow color
development reaction of the sample under a microscope. If there is a
reaction, counterstain with hematoxylin for 1 minute and soak the
sample in 1% hydrochloric acid ethanol differentiation solution for
no less than 2 seconds.

Finally, the tissue microarray was subjected to dehydration
treatment: rst, it was soaked in 85% ethanol for 10 seconds, and
then quickly transferred to two different 95% ethanols, two different
anhydrous ethanols, as well as xylene | and xylene I1 for 10 seconds
each. After the moisture on the sections has dried, seal the sections
with neutral gum and observe the staining of the samples under
a microscope.

2.12 Drug sensitivity analysis

Drug sensitivity analysis data from GDSC2 (Genomics of drug
sensitivity in Cancer) database (https://www.cancerrxgene.org/).
The relationship between the high and low-risk groups and drug
sensitivity was detected using the “oncoPredict” R package.

2.13 Data analysis

All statistical analyses were conducted using R software (https://
www.r-project.org/). These experiments were conducted at least
three times. Statistical research was conducted using R 4.4.1 version
and GraphPad Prism 10.0 version software. The statistical
differences between the two groups were evaluated using the
wilcoxon rank sum test. The signi cance level is expressed as:
* p < 0.05; ** p <0.01 *** p < 0.001.

3 Result

3.1 Identi cation of key genes for
esophageal cancer

Under the adjusted P values of <0.05 and |log2FC| >1, a total of
3,425 DEGs were identi ed, including 2,975 up-regulated genes and
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450 down-regulated genes (Figure 1A). The heat map shows the top
50 up-regulated genes and the top 50 down-regulated genes
(Figure 1B). To identify the key modules related to ESCA
PANoptosis, we conducted WGCNA. The score of

PANoptosome-related genes (26) in ESCA samples was
signi cantly different from that in normal samples, and thus it
was used as a clinical feature (Figure 1C). The sample clustering
results show that there are few abnormal samples, and the optimal
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FIGURE 3

Sub-cluster clustering and annotation of single cell data. (A, B) Epithelial cell subpopulation double cell expulsion (C—E) Epithelial cell subpopulation cell
annotation and 5 cell types (F, G) Myeloid cell subpopulation double cell expulsion (H, I) Myeloid cell subpopulation cell annotation and 8 cell types.

soft threshold is 5. When b=5, the average connectivity tends to 0,
and the ordinate scale-free tting index approaches the threshold of
0.9 (Figure 1D). A total of ve modules were obtained through the
dynamic tree cutting algorithm (Figure 1E). The blue module is
weakly positively correlated with the “PORGs score”, but strongly
negatively correlated with “whether it is a tumor phenotype”
(Figure 1F). Therefore, 683 basic module genes related to the
PANoptosis score were obtained for subsequent analysis.

3.2 Single-cell atlas of esophageal cancer

After cell Itering, we conducted cell clustering and annotation
analysis on GSE196756 (Figure 2A). All highly variable genes and
the rst 15 are shown in the gure (Figure 2B). We divided the cells
into 16 clusters at a resolution of 0.2 (Figure 2C). Based on the
“Single R” package and marker genes, they were further clustered
into T cells, B cells, Epithelial cells, Endothelial cells, and Mast cell,
Fibroblast, Neurons, Myeloid and Neutrophils (Figures 2D, E), the
top5 markers of different cell types further veri ed the accuracy
(Figure 2F). After removing the O-cluster immune and epithelial
two-cell (Figures 3A, B), based on the marker genes (27) of known
epithelial cell subtypes and the identi cation of tumor cells by
“infercnv” (Figures 3C, D), we further clustered the epithelial cells
into ve subtypes expressing different programs. Including
quiescent progenitor cells (QP), mucosal defense cells (MD),
terminally differentiated cells (TD), reactive oxygen-associated
stress cells (RS), and tumor cells (Figure 3E). Using the same
method, after removing the two clusters of endothelial and
epithelial double cells (Figures 3F, G), we further clustered the
macrophages related to PANoptosis into eight subtypes expressing
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different programs based on the marker genes of myeloid cell
subtypes (Figure 3H). Including cDC3-LAMP3, Macro-PLTP,
Mast-TPSAB1, Mono-CD14, Monolike-FCN1, pDC-LILRA4,
TAM-SPP1 and Unknow (Figure 3I).

3.3 Identi cation of PANoptosis-related
differentially expressed genes in
esophageal cancer

Considering that PANoptosis is a unique innate immune
in ammatory regulated cell death (RCD) pathway (7), Cibersort
analysis indicated that the in Itration levels of 10 types of immune
cells in the TCGA database showed statistical differences in tumor
tissues. These immune cells include the resting states of B cells
naive, T cells CD4 memory activated, NK cells activated, Mast
cells resting, and the activated states of T cells CD4 naive, T cells
follicular helper, Macrophages MO, Macrophages M1, Dendritic
cells activated, Mast cells activated (Figures 4A, B).

Further exploration identi ed 10,330 ScDEGs at the single-cell
level between ESCA and normal samples. In addition, 74
PANoptosis-related differentially expressed genes (POR-DEGS)
associated with ESCA were retained through TCGA_DEGs, basic
module genes, and SCDEGs (Figure 4C). We continued to conduct
functional enrichment analysis to reveal the potential mechanism of
POR-DEGs related to ESCA. The results of GO enrichment analysis
indicated that POR-DEGs mainly participated in biological
processes such as extracellular matrix, apoptosis regulation, and
immune cell differentiation, were distributed in cellular
components such as extracellular matrix and muscle bers, and
were involved in molecular functions related to tumor cell
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