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Background: Esophageal squamous cell carcinoma (ESCC) is an aggressive and fatal malignancy that leads to epithelial cancer. The
association between epithelial cell heterogeneity, prognosis, and immune response in this cancer remains uncertain. This study aimed
to investigate epithelial cell heterogeneity in ESCC and develop a predictive risk model using the identified cell types.

Methods: Single-cell RNA sequencing (scRNA-seq) and differential ESCC gene data were accessed from the Gene Expression
Omnibus. Functional enrichment analysis, inferCNV, cell development trajectories, and intercellular communication were analyzed
following epithelial cell characterization. Differentially expressed ESCC (n = 773) and epithelial cell marker genes (n = 3407) were
intersected to obtain core genes, and epithelial cell-related prognostic genes were identified. LASSO regression analysis was used to
construct a prognostic model. The external dataset GSE53624 was used to further validate the stability of the model. Drug sensitivity
predictions, and immune cell infiltration were analyzed. Molecular docking clarified the possible therapeutic role of B-sitosterol in
ESCC. Finally, wound healing assay, cell colony, and transwell assay were constructed to detect the effects of the core gene PDLIM2
on ESCC cell proliferation, invasion, and migration.

Results: Eight cell clusters were identified, and epithelial cells were categorized into tumor and paratumor groups. The tumor group
possessed more chromosomal variants than the paratumor group. Epithelial cells were associated with multiple cell types and
significantly correlated with the Wnt, transforming growth factor, and epidermal growth factor signaling pathways. From 231
intersected genes, five core genes were screened for use in the risk model: CTSL, LAPTM4B, MYO10, NCF2, and PDLIM2.
These genes may contribute to the cancerous transformation of normal esophageal epithelial cells and thereby act as biomarkers and
potential therapeutic targets in patients with ESCC. B-Sitosterol furthermore displayed excellent docking potential with these genes.
Meanwhile, further experiments demonstrated that the gene PDLIM2 plays a major role in the progression of oesophageal squamous
carcinoma.

Conclusion: We successfully developed a risk model for the prognosis of ESCC based on epithelial cells that addresses the response
of ESCC to immunotherapy and offers novel cancer treatment options.
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Introduction

Esophageal squamous cell carcinoma (ESCC) is a highly lethal cancer, with its highest incidence in Asia and Africa.'
Despite considerable advances in esophageal cancer treatment over the past 10 years, the 5-year survival rate remains
below 30%.” Surgery can treat such tumors successfully, but more than half of the patients with ESCC are in advanced
stages and consequently ineligible for the procedure. Furthermore, the 5-year rates of metastasis and recurrence remain
high (more than 40%), even after surgical treatment.’> Chemotherapy can inhibit ESCC tumor growth and prevent distant
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metastasis but introduces unavoidable side effects such as toxicity and drug resistance.* Therefore, the search for safe and
efficient alternative ESCC treatments remains crucial.

The tumor microenvironment (TME) is closely associated with angiogenesis, apoptosis inhibition, immune system
suppression, and surveillance evasion.” Numerous studies have demonstrated that intraepithelial neoplasia in normal epithelial
cells leads to invasive carcinoma, which, in turn, stimulates ESCC development.6 However, our understanding of the
molecular pathways underlying ESCC pathogenesis in normal epithelial cells is limited. Several previous studies have
focused on other cell types in ESCC;’ however, the relationship between epithelial cell heterogeneity, ESCC prognosis, and
immunotherapy response remains to be fully understood. Elucidating the transformation of epithelial cells into precancerous
or cancerous cells is vital for understanding the pathogenesis of ESCC to aid in its early detection and treatment.

Bulk RNA sequencing (RNA-seq) can yield substantial information about the expression of tumor immune genes but
cannot identify immune cell types, cell—cell interactions, or relationships with cell-specific markers.® An emerging tool,
single-cell RNA sequencing (scRNA-seq), is frequently used to evaluate the molecular and cellular features of cancer. It
can also be used to assess distinct cellular subpopulations.” The mechanism of action of distinct cells inside the ESCC
TME has been identified in prior research, which also proposed new treatment approaches for ESCC.'° In this study, we
used scRNA-seq technology with the aim of creating transcriptome profiles of various ESCC cell subtypes. We
characterized the association between the TME and epithelial cells and the survival of patients with ESCC by thoroughly
analyzing epithelial cell, RNA-seq, and clinical data. A new risk model was developed that combined epithelial risk
profiles with clinicopathology. The model was validated with external datasets to have a more stable prediction ability.
Meanwhile further experiments also proved that the core genes for constructing the model play an important role in the
progression of ESCC. In addition, we analysed the potential therapeutic mechanism of B-sitosterol in ESCC, which
provides fundamental structural evidence for ESCC drug development.

Materials and Methods

Data Download
ESCC expression profile datasets GSE161533,"! GSE20347,'2 GSE53624, and GSE45670"> were downloaded from the
official Gene Expression Omnibus database (https://www.ncbi.nlm.nih.gov/geo/).'* All four datasets were sourced from

Homo sapiens samples. Two datasets, GSE161533 and GSE20347, were used to examine differential gene acquisition.
Of these, the GSE161533 dataset comprised 56 ESCC cases and the associated normal tissue samples, whereas the
GSE20347 dataset consisted of 34 ESCC cases and their accompanying normal tissue samples; these samples were
combined to obtain 90 ESCC and paired non-tumor tissue samples for differential analysis. Gene differences among
several populations were explored using the R program limma. To identify differentially expressed genes, we established
the criteria |[logFC| > 1 and adjusted p < 0.05 and visualized the differences using volcano plots. The GSE45670 and
GSE53624 dataset was used for external validation.

The single-cell dataset GSE196756 was also extracted for analysis,'> containing Homo sapiens samples of tumor
tissues from three patients with ESCC. Gene sequences of 93 ESCC patients were downloaded from The Cancer Genome
Atlas (TCGA) website (https://portal.gdc.cancer.gov/) and analyzed with the TCGAbiolinks R package, with the
expression profiling and survival data (Table S1) being described as transcripts per million.'¢

Cell Type ldentification and Differential Gene Expression Analysis

Single-cell sequencing data of the three patients with ESCC from the GSE196756 dataset were filtered using the Seurat
R package'” to obtain cells with >10% mitochondrial genes. Low-quality cells were purified according to quality control
criteria (0 < nFeature RNA < 3000). The default parameters and conventional Seurat software practices were applied to
normalize the data, identify highly variable genes, and conduct dimensionality reduction clustering analysis. Data were
integrated across samples with the Harmony package. Single-cell populations were named using signature genes from
published literature. Epithelial cells were classified into various subtypes according to their marker genes using inferCNV
analysis. Differential genes between cell subpopulations were calculated with the FindAllMarkers function (based on the
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Wilcoxon test), with p < 0.05 and |log2FC| > 0 as screening criteria. The extracted marker genes for epithelial cells and
differential genes for ESCC were plotted on a Wayne diagram.

Functional Enrichment Analysis

To explore the biological functions of the genes of interest, ClusterProfiler v4.6.0 was used to analyze the core genes
using Gene Ontology (GO)'® and Kyoto Encyclopedia of Genes and Genomes (KEGG).'” A p-value < 0.05 was
considered statistically significant and visualized.

Analysis of Intercellular Communication

We examined intercellular communication between different cell typologies in single-cell transcriptome sequencing data
using the CellChat R package? Inferring communication networks between different cell typologies were constructed to
show the volume, particularly exploring potential connections between epithelial cells and other cell types. Heatmaps
were used to demonstrate essential ligands during intercellular signaling. Several pathways commonly associated with
cancer—such as the transformation growth factor (TGF)-, epidermal growth factor (EGF), and Wnt signaling pathways
—were further analyzed.

AUCell Score Analysis

To determine how particular genomes were enriched in cells, we evaluated genome-specific activity in single-cell RNA
sequencing data with the AUCell R package.’' Three cancer-related pathways were validated using the Reactome
pathway database (https://reactome.org).

Pseudo-Time Trajectories Analysis

Cellular subpopulations were analyzed using the Monocle v2.26.0 R package in the proposed time—series analysis, and
highly discrete genes were downscaled using the DDRTree method. Based on clustering characterization, we obtained
a trajectory map of the time of differentiation at which the cell subpopulations were located in the single-cell dataset. The
top 50 differential genes in ESCC were analyzed.

Prognostic Modeling

Using the data of 93 patients with ESCC from the TCGA-ESCC dataset, we conducted univariate Cox regression
analysis to identify potential genes with p-values < 0.05. This allowed us to thoroughly study the effects of crucial
epithelial cell genes on the prognosis of ESCC. Next, we used external datasets from the GSE45670 and Gene
Expression Profiling Interactive Analysis (GEPIA) databases to validate these potential genes using LASSO regression
analysis. A risk models was constructed from the screened genes, with risk scores being calculated using the following
equation: —0.240* LAPTM4 —0.211* MYO10+ 0.247* CTSL+ 0.259* NCF2 —0.390* PDLIM2. Next, we calculated the
area under the curve (AUC) of the subject operating characteristic curve (ROC) to measure the performance of the model
and evaluated the clinical value of the model by decision curve analysis (DCA). Column plots, calibration curves, ROC
curves, and DCA curves were plotted using R software (ROC was performed using the “survival” package. column plots
and calibration plots were plotted using “rms”). DCA was performed using the function “stdca.R”. p-values < 0.05 were
considered statistically significant). Meanwhile, the external dataset GSE53624 was used for further validation.

Immunoreactivity and Immune Infiltration Analysis

We used the TCGA-ESCC dataset to evaluate the tumor immune response with the ESTIMATE package in R.>* By
examining the transcriptional patterns of cancer samples, ESTIMATE focused on estimating the composition of tumor
cells and the presence of stromal and immune cells that have invaded the tumor. Specific immune cell infiltration results
were calculated using the R package CIBERSORTx***° and further validated via single-sample Gene Set Enrichment
Analysis (ssGSEA). Immunotherapy plays a vital role in oncology, therefore we analyzed several joint immune
checkpoints.
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Drug Sensitivity Analysis

The Genomics of Drug Sensitivity in Cancer (GDSC) database”® was used to explore therapeutic and mutational cancers.
It includes details on the molecular, cellular, and pharmacological sensitivity and responses to various tumor cells. The
pRRophetic package®” —which downloads cell line mutation data and IC50 values for several anticancer medications—
was used to analyze the correlations between patients with high- and low-risk scores and various anticancer drugs.

Molecular Docking of B-Sitosterol to Core Targets
A molecular docking approach was used to study the relationship between B-sitosterol and its main targets. Protein Data
Bank (PDB; http://www.rcsb.org/pdb/home/home.do) was used to collect structural data of the key core genes and PubChem

(https://pubchem.ncbi.nlm.nih.gov) was used to obtain chemical data of B-sitosterol. To simulate how B-sitosterol binds to the

target protein, PyMol software was applied to dehydrate, hydrogenate, and charge. AutoDockTools-1.5.6 software was used
to determine the location and size of the Grid box, the binding site of the disease target protein to the ligand. Autodock vina
V1.1.2 software was used to complete the molecular docking and assess the affinity of the compounds to the target proteins.
PyMOL software was used for visualization and numerical heat map analysis.

Cell Culture

The esophageal squamous cell carcinoma cell lines KYSE150, KYSE30, KYSES510, Eca9706, and the normal esophageal
epithelial cell line (HEEC) were procured from the Cell Bank of the Shanghai Institutes for Biological Sciences. The cell
lines KYSE150, KYSE30, KYSES510, and Eca9706 were cultured in RPMI-1640 medium (Kibbutz Beit HaEmek BI)
supplemented with 10% fetal bovine serum (FBS) at 37°C in a humidified incubator with 5% CO2. The HEEC cells were
maintained under the same conditions in DMEM medium (Gibco) also supplemented with 10% FBS. All cell lines were
passaged no more than 15 times. This study was approved by the Ethics Committee of the Affiliated Provincial Hospital
of Shandong First Medical University (Ethics approval number: NSFC: NO.2024-619).

Lentiviral Transfection

PDLIM?2 overexpression lentiviral vectors and negative control lentiviral vectors were purchased from GenePharma. The
lentiviral vectors were transduced into KYSE150 and Eca9706 cells, and cells were selected with a medium containing 5
pg/mL puromycin to obtain stable transfectants.

RNA Extraction and RT-qPCR

Total RNA was extracted from cells using TRIzol reagent (Invitrogen) according to the manufacturer’s instructions. Actin
was used as the endogenous reference gene. The PCR primer sequences used in this study were as follows: PDLIM2:
CGTTGACGGTGGATGTGG (F) and GCTCTGGCGGATCTTGCT (R). The relative expression was calculated using
the 272" method.

Cell Invasion and Migration Assays

Cell invasion was assessed using matrigel-coated polycarbonate membrane inserts (Corning), and cell migration was
evaluated using uncoated inserts. Cells transduced with lentiviral vectors were seeded into the upper chamber of the
transwell, and medium containing 20% FBS was added to the lower chamber. Tumor cells were seeded at a density of 2 x
105 cells per chamber. Filters were wiped with cotton swabs, and cells adhered to the bottom were fixed with 4%
paraformaldehyde phosphate (Beyotime, Shanghai, China). Cells were stained with crystal violet (Beyotime).
Experiments were independently repeated three times.

Wound Healing Assay

KYSE150 and Eca9706 cells were seeded into six-well culture plates, and a wound was carefully created using the tip of
a 200 pL pipette. Cells were observed at 0 hours and 24 hours post-wounding using an inverted microscope. The wound
area at the same location was measured using ImageJ software.

1196 "= International Journal of General Medicine 2024:17
Dove!


http://www.rcsb.org/pdb/home/home.do
https://pubchem.ncbi.nlm.nih.gov
https://www.dovepress.com
https://www.dovepress.com

Dove Zhang et al

Colony Formation Assay

500 cells per well of six-well plates were used to harvest and seed the cells, which were subsequently incubated for ten
days at 37 °C with 5% CO2. After 30 minutes of staining with 0.1% crystal violet, colonies were fixed with 4%
paraformaldehyde.

Western Blot Analysis

Proteins were extracted, quantified, and separated from KYSE-150 and Eca9706 cells, then transferred to a PVDF
membrane. The membrane was blocked with skim milk for 2 hours, incubated with the primary antibody against PDIM2
(1:2000) at 4 °C overnight, developed with ECL substrate, and photographed using a gel imaging system. The relative
expression of proteins in each group was analyzed.

Statistical Analysis

R software v4.2.0 was used for data analysis. The Wilcoxon rank-sum test was used to examine differences between
variables with non-normal distributions. The R package timeROC v0.4 was used to plot ROC curves and calculate area
under the ROC curves (AUCs) to evaluate the accuracy of the risk scores in determining prognosis. Univariate and
multivariate Cox analyses were used to identify independent prognostic factors, with p < 0.05 being considered
statistically significant.

Results
Single-Cell Data Analysis

Single-cell clustering was visualized via t-distributed stochastic neighbor embedding (t-SNE), as depicted in Figure 1A.
By querying the literature used to annotate these subclusters (Figure 1B), eight cell types were identified, namely: T cells
(cluster 0,1,2,9), B cells (cluster 3,11,13,15), myeloid cells (cluster 4), fibroblasts (cluster 5,17), epithelial cells (cluster
6,7,12,18), monocytes (cluster 8,14,10), macrophages (cluster 10), and endothelial cells (cluster 16) (Figure 1C).

Cellular Communication Associated with Epithelial Cells

Communication network diagrams were constructed to show the volume (Figure S1A) and intensity (Figure S1B) of
contact between various cell types. Epithelial, fibroblast, and endothelial cells displayed strong intercellular commu-
nication. To investigate the connection between epithelial cells and various cell subtypes, their interactions were
visualized with bubble diagrams that indicated mainly involvement of the Wnt signaling pathway (FZD6 + LRP6), the
TGF-f signaling pathway (TGFBR1 + TGFBR?2), and other joint and cancer-related pathways (Figure S1C). We mapped
the cell-to-cell interactions of the Wnt, TGF, and EGF signaling pathways (Figure 2A—C) and constructed correlation
heatmaps (Figure 2D-F). Epithelial cells occupied a central position, suggesting that they play a critical role in ESCC
progression. Using bubble diagrams, we further documented the receptor ligands involved in the aforementioned three
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pathways (Figure S2A—C). To verify the relevance of epithelial cells in these pathways, the pathway activity of specific
gene sets of epithelial cells was analyzed using the R package AUCell (Figure 2G-I). Epithelial cells exhibited the
highest activity in all three cancer-related signaling pathways, followed by fibroblasts, which further confirms that
epithelial cells play an essential role in ESCC.

Access to Core Genes

After combining the GSE161533 and GSE20347 datasets (Figure 3A) and plotting a volcano map (Figure 3B), we
identified 773 differentially expressed genes, of which 358 were upregulated and 415 were downregulated. Based on the
single-cell dataset, we analyzed the differences in differentially expressed genes between all cell types, as visualized with
volcano plots (Figure 3C). Wayne plots of the intersections between differentially expressed genes in ESCC and
epithelial cells identified 231 core genes (Figure 3D).

Enrichment Analysis
The results of the GO enrichment analysis were depicted with chordal plots (Figure S3A). Co-differentially expressed
genes were mainly enriched in epidermal development and microtubule cytoskeleton organization involved in mitosis
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(biological processes); and extracellular matrix structural constituents and CXCR chemokine receptor binding (molecular
functions. These effects are primarily related to cellular functions and immunity. KEGG results indicated gene enrich-
ment related mainly to the IL-17 signaling pathway, transcriptional misregulation in cancer, and Toll-like receptor
signaling pathway, which were focused on inflammation, immunity, and other related ways; these results are depicted as

bar graphs in Figure S3B.

Results of Pseudo-Time Trajectories Analysis

Figure 4 presents timing diagrams that are colored according to the cell population (Figure S4A), cell state (Figure S4B), and
pseudo-time course (Figure S4C). As time progressed, the number of epithelial cells and fibroblasts gradually decreased, and
B cells differentiated mainly into T cells and monocytes. The decrease in monocytes may be due to their gradual transforma-
tion into macrophages. The core genes were placed alongside 231 intersecting targets in the STRING database to acquire the
protein—protein interaction network, and the cytoHubba plugin was used to predict the critical protein nodes and subnetworks.
The top 50 core genes were then selected using the Degree parameter (Figure S4D), and a heatmap was constructed that
displayed the expression of the top 50 genes with pseudotemporal variations (Figure S4E) as based on pseudotemporal trends.
These genes exhibited different trends, for example, the expression of genes such as CKS2, CENPM, ATAD2, and MCM2
varied from high to low, and those of genes such as CXCL8 and CCL3 varied from low to high.
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Figure 4 Immuno-infiltration analysis. (A) ESTIMAT analysis of the high- and low-risk group. (B) CIBERSORTx analysis of the abundance of immune cells. (C) Heatmap of
correlation between risk score and the presence of immune cell types. (D) The single-sample Gene Set Enrichment Analysis scores of 28 immune cells in the high- and low-
risk groups. *p < 0.05, *p < 0.01, **p < 0.001, ****p < 0.0001.

Abbreviation: ns, Not Statistically Significant.

Prognostic Model Construction and Validation

When using the data from 93 patients with TCGA-ESCC to perform univariate Cox regression analysis of 321 core-
related genes, we discovered that 11 of the core genes (LAPTM4B, TPX2, MYO10, TRIP13, PBK, CTSL, DLGAPS,
MRGBP, MFAP2, NCF2, and PDLIM2) had a significant impact on the survival of patients with ESCC (p < 0.05)
(Figure 5A). We used LASSO regression analysis to construct the fitted model (Figure 5B) and cross-validation analysis
to determine an optimal lambda value of 5 (Figure 5C and Table 1). Based on the external dataset GSE45670, we further
validated the five screened modeling genes (Figure 5D-H) and found that the expression of LAPTM4B, MYO10, NCF2,
and PDLIM?2 differed significantly different between the standard and control groups. Using the GEPIA dataset, we
further validated five core genes (Figure 5I-M) that similarly showed significantly different expressions.

Risk scores were calculated using Equation. Additionally, the patients were divided into high- and low-risk groups based
on the median value. The assumption was made that the age, sex, and tumor stage of patients with ESCC influence their
lifespan. Heatmaps were constructed that related the calculated risk scores to clinical patient information (Figure S5A), with
respective maps of sex, tumor stage, T stage, and age for the high- and low-risk groups (Figure SSB-E). Based on these
findings, a multifactorial prognostic column chart was created (Figure 6A). Then, in the training group (TCGA), we plotted
ROC curves and calibration curves to evaluate the stability of the nomogram (Figure 6B) and further validated it in an
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Figure 5 Screening and validation of core prognostic genes. (A) Prognostic forest map. (B) LASSO analysis to construct a fitted model. (C) Determining the best lambda
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lambda value that minimizes the error and the number of features screened. (D-H) Dataset GSE45670 validation. (I-M) Validation of the GEPIA dataset. *p < 0.05.
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external dataset (GSE53624) (Figure 6C), and the results showed that the predicted nomograms had good calibration
performance. Meanwhile, DCA showed that the prognostic column line plot had strong clinical utility (Figure S6A and B).

Analysis of Transcriptome Heterogeneity in ESCC Epithelial Cells

Epithelial cells were re-annotated into 10 clusters (Figure 7A), and marker genes of epithelial tumors (EPCAM, MDK)
and paratumors (IGLC2, FABP5) were identified in the literature.”® Bubble plots were constructed to demonstrate the
expression of these marker genes among the 10 clusters (Figure 7B), and epithelial cells were accordingly categorized
into tumor (clusters 0, 1, 2, 3, 4, 5, 7, and 9) and paratumor (clusters 6, 8) groups for visualization (Figure 7C). We
validated this finding using inferCNV analysis. The tumor group had more chromosomal variants than the paratumor
group, with more amplifications on chromosomes 1 and 9 and more deletions on chromosomes 3 and 5 (Figure 7D).
Next, we analyzed the expression of four marker genes (EPCAM, MDK, IGLC2, and FABP5) and five modeling genes
(CTSL, NCF2, PDLIM2, LAPTM4B, and MYO10) using violin plots (Figure 7E).
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Table | Detailed Information

on LAPTM4B, CTSL, MYOI10, NCF2, and PDLIM2

Gene Symbol

Gene ID

Full Name

Function

LAPTM4B

MYOI10

CTSL

NCF2

PDLIM2

7805

4646

1514

4759

10,350

Lysosomal protein

transmembrane 4 beta

Myosin X

Cathepsin L

Neutrophil cytosolic
factor 2

PDZ and LIM domain 2

Involved in vesicle trafficking, lysosome maturation and fusion, as well as apoptosis and
tumor development. LAPTM4B is highly expressed in a wide range of human tumors
and correlates with tumor invasion and metastasis, treatment resistance, and other
characteristics.

MYOI0 plays an important role in the process of cell movement and cell architecture.
Its main functions involve directional cell movement, cell adhesion and migration.
CTSL is an important lysosomal enzyme that performs multiple functions within the
cell. It is involved in intracellular protein degradation, lysosome formation and
functional maintenance. CTSL plays an important regulatory role in physiological
processes such as immune response, apoptosis, embryonic development, tissue
remodeling and inflammation.

It is a multisubunit enzyme complex involved in electron transfer during intracellular
reactions to produce reactive oxygen species. The main function of NCF2 is to provide
electrons for NOX and to promote intracellular redox reactions.

PDLIM2 protein is a binding protein that interacts with other proteins and forms
complexes involved in the regulation of multiple cellular processes and signaling
pathways. PDLIM2 plays an important role in physiological processes such as cell

development, differentiation and proliferation.

Immune Infiltration and Immune Checkpoint Analysis

We investigated the connection between the risk score and TME characteristics using ESTIMAT software. The findings
revealed a positive correlation between immune and risk scores, with the immune score being higher in the high-risk than
the low-risk group. Additionally, the risk and ESTIMAT scores were positively correlated, with risk score being more
predominant in the high-risk than the low-risk group (Figure 4A). Cumulatively, these findings confirm a strong

correlation between the risk score and TME.
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To assess the immune infiltration of high- and low-risk patients in the TCGA-ESCC dataset (Figure 4B), we used the
CIBERSORTx approach. The abundance of most immune cell types differed significantly among the subgroups. Naive
B cells, CD4+ T cells, CD8+ T cells, monocytes, macrophages, eosinophils. A heatmap of the correlation between risk score
and immune cell type (Figure 4C) revealed significant positive correlations between activated CD4 T cells and resting
natural killer (NK) cells and between monocytes and follicular helper T cells (r > 2, p < 0.05). Activated mast cells showed
a significant negative correlation with CD8 T cells, activated NK cells, and M0 macrophages (r > 2, p < 0.05). Risk score
was significantly associated with naive B cells (r = —0.26, p < 0.05), M2 macrophages (r = 0.33, p < 0.05), eosinophils (r =
0.21, p < 0.05), and neutrophils (r = 0.27, p < 0.05). These results were further validated using ssGSEA (Figure 4D).

Immune checkpoint inhibitors are often used in tumor immunotherapy. In this study, we examined the relationship
between the risk scores and 21 standard immunological checkpoints (Figure S7A). Risk score showed a strong positive
association with each immune checkpoint (p < 0.05). We also analyzed the correlation between risk score and
programmed death-ligand 1 (PD-L1) (Figure S7B), which was strong and positive (r = 0.362, p < 0.001), suggesting
that immunotherapy targeting PD-L1 may have a higher sensitivity in high-risk patients. We then downloaded the MSI
data of patients with ESCC, which showed a significant negative correlation with risk score (r = —0.255, p = 0.014)
(Figure S7C). Based on these findings, we can hypothesize that risk score may be related to the degree of immune cell
infiltration into the immunological microenvironment, which may affect ESCC treatment.
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Drug Sensitivity Analysis

Patients with ESCC can display different therapeutic responses to the same medication because of the diverse characteristics of
this cancer. Using the GDSC v2 database and R tool OncoPredict, we determined the IC50 values of several chemotherapeutic
agents and small-molecule anticancer medications. These values differed significantly between patients with high and low wind
(Spearman correlation analysis, p < 0.01). The top eight drugs selected for demonstration were AZD8186 (Figure 8A),
entospletinib (Figure 8B), gemcitabine (Figure 8C), GSK2606414 (Figure 8D), mitoxantrone (Figure 8E), PRT062607
(Figure 8F), SB505124 (Figure 8G), and UMI-77 (Figure 8H). Detailed information on these drugs is provided in Table 2.

Molecular Docking of B-Sitosterol to Core Genes

We molecularly docked B-sitosterol with each of the five core modeling genes, namely, CTSL (Figure 9A), LAPTM4B
(Figure 9B), MYOL10 (Figure 9C), NCF2 (Figure 9D), and PDLIM?2 (Figure 9E), with all genes linking with B-sitosterol via
hydrogen bonds. The docking results were presented in a heatmap (Figure 9F), which showed that the docking energies of -
sitosterol with CTSL, LAPTM4B, MYO10, NCF2, and PDLIM2 were —7.13 kcal/mol, —4.81 kcal/mol, —4.71 kcal/mol, —6.36
kecal/mol, and —6.35 kcal/mol. This indicates that B-sitosterol could bind stably to the genes, implying that B-sitosterol may exert
a potential therapeutic effect on ESCC. To further validate the effect of core genes on survival of ESCC patients, we divided
ESCC patients in the TCGA database into high- and low-expression groups. Kaplan-Meier survival analysis showed that CTSL,
MYO10, NCF2, and PDLIM2 were all significant (Figure 9G), but in the external dataset GSE53624, only PDLIM2 has stability
(Figure 9H). Therefore, we judged that the PDLIM2 gene plays an important role in the development of ESCC patients.

PDLIM2 is Underexpressed in ESCC and Inhibits Cancer Cell Proliferation and

Migration
We assessed the expression levels of PDLIM?2 in the HEEC, KYSES510, KYSE150, KYSE30, and Eca9706 cell lines
using the QRT-PCR method. Compared to HEEC, the expression of PDLIM?2 was significantly reduced in the KYSE30,
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Table 2 Detailed Information on the Top 8 Sensitive Drugs

Drug Name | Drug Target Target Pathway Introduction

AZD8186 PI3Kalpha, PI3Kbeta PI3K/MTOR signaling | AZD8186 interferes with intracellular signaling pathways involved in
processes such as cell growth, differentiation, and apoptosis by inhibiting
PI3K kinase.

Entospletinib | SYK Other, kinases Entospletinib slows the growth and proliferation of cancer cells by

inhibiting signaling pathways by targeting BTK. BTK is a tyrosine kinase
involved in B-cell receptor signaling and other inflammation-related
pathways.

Gemcitabine Pyrimidine antimetabolite DNA replication It is a nucleoside analog that inhibits the proliferation and division of
cancer cells by interfering with their DNA and RNA synthesis.
GSK2606414 | PERK Metabolism GSK2606414 interferes with the proliferation and growth of cancer cells
by inhibiting the mTOR signaling pathway. mTOR is a key intracellular
signaling pathway involved in cell growth, division, metabolism and
survival.

Mitoxantrone | TOP2 DNA replication The mechanism of action of Mitoxantrone mainly involves DNA cross-
linking and damage. It blocks the division and proliferation of cancer cells
by interacting with DNA and interfering with the stability and replication
process of DNA strands.

PRT062607 SYK Other, kinases PRT062607 blocks signaling in these diseases by inhibiting BTK activity,
reducing the proliferation and survival of pathological B cells.
SB505124 TGFBRI, ACVRIB, ACVRIC | RTK signaling It is a selective transforming growth factor beta (TGF-f) receptor kinase

(ALK4/5/7) inhibitor, which means that it interferes with the normal
function of the TGF-B signaling pathway

UMI-77 MCLI Apoptosis regulation | UMI-77 acts as a dopamine D2S receptor agonist that mimics the effects
of dopamine and selectively activates D2S receptors.

KYSE150, Eca9706, and KYSE510 cell lines, with the most notable reductions observed in the KYSE150 and Eca9706
cell lines (Figure 10A). Therefore, we selected these two cell lines for subsequent experiments. The overexpression
efficiency of PDLIM?2 in KYSE150 and Eca9706 cells was detected by qRT-PCR and validated by WB (Figure 10B and
C), yielding results with significant differences. Subsequently, we further analyzed the function of the gene PDLIM2 in
ESCC through in vitro assays. Wound healing assays demonstrated that overexpression of PDLIM?2 significantly reduced
the healing rate of the KYSE150 and Eca9706 cell lines (Figure 10D). In subsequent migration and invasion assays, we
observed that, compared to the control group, overexpressed PDLIM?2 significantly inhibited the migration and invasion
of ESCC (Figure 10E). Additionally, colony formation assays indicated that overexpression of PDLIM2 reduced the
proliferative capacity of the KYSEI50 and Eca9706 cells (Figure 10F). These results suggest that PDLIM2 plays
a significant role in the proliferation and invasion of ESCC, thereby greatly enhancing the persuasiveness of our model.

Discussion

ESCC is one of the deadliest cancers and the most common histological subtype of esophageal cancer in China.?’
Although treatment modalities have come a long way, ESCC continues to metastasize later in life because of recurrence,
metastasis, and nonresponsiveness to adjuvant therapy, resulting in poor 5-year survival rates.** Numerous studies have
shown that ESCC develops when normal epithelial cells transform into intraepithelial neoplasia and finally into an
invasive carcinoma.® Malignant epithelial cells are also the primary cell type involved in tumor metastasis, and the
aberrant activation of epithelial-mesenchymal transition (EMT) is critical for cancer progression and metastasis.”’
Therefore, deciphering the molecular mechanisms underlying ESCC metastasis and establishing how normal epithelial
cells are transformed into precancerous or cancerous cells are essential for improving ESCC treatment and preventing

tumor metastasis.
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of B-sitosterol to five core genes. (F) The docking results were presented in a heatmap. (G) K-M survival analysis of the five core genes in the TCGA database. (H) Further
validation of the core genes in the external dataset GSE53624.

The heterogeneity of ESCC was examined using the single-cell dataset GSE196756. After annotation, eight distinct
cell types were identified: T cells, B cells, myeloid cells, fibroblasts, epithelial cells, monocytes, macrophages, and
endothelial cells. Based on the labeling of the epithelial cell genes, these cell types were categorized into tumor and
paratumor subgroups, and inferCNV analysis revealed that the tumor group possessed more variants. An analysis of
intercellular communication revealed a substantial link between fibroblasts and epithelial cells. Moreover, epithelial cells
were strongly correlated with cancer-related pathways such as the Wnt, TGF, and EGF signaling pathways— followed by
fibroblast cells. Precancerous and cancerous epithelial cells have been demonstrated to express less ANXA 1, which
interacts with formyl peptide receptor 2 (FPR2) on fibroblasts to control and maintain normal fibroblast homeostasis in
normal esophageal epithelial cells; diminished ANXA 1-FPR 2 signaling favors the conversion of normal fibroblasts to
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Figure 10 Overexpression of PDLIM2 significantly inhibits the proliferation and migration of KYSEI50 and Eca9706 cells. (A) g-PCR detection of PDLIM2 expression in
esophageal squamous cell carcinoma cell lines and normal esophageal epithelial cell lines. (B and C) g-PCR and WB were used to detect the overexpression efficiency of
PDLIM2 in KYSEI50 and Eca9706 cells. (D) The effect of PDLIM2 on the migration of KYSEI50 and Eca9706 cells was explored in wound healing assays. (E) Compared with
the control group, overexpressed PDLIM2 significantly inhibits the migration and invasion of esophageal squamous carcinoma cells. (F) The effect of PDLIM2 on the
proliferation of KYSEI50 and Eca9706 cells was investigated in colony formation assays. **p < 0.01, ***p < 0.001. Scale bars: 100 pm.
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cancer-associated fibroblasts.® Our findings therefore suggest that the degeneration of epithelial cells is a critical event in
ESCC tumorigenesis and progression.

To fully understand the relationship between epithelial cells and clinical prognosis in patients with ESCC, we
extracted the marker genes of epithelial cells, obtained the intersection with genes from the GSE161533 and
GSE20347 datasets for ESCC, and identified five core genes by LASSO regression analysis: CTSL, LAPTM4B,
MYO10, NCF2, and PDLIM?2. Validation was conducted using GSE45670 and the GEPIA database as external datasets.

CTSL (encoding cathepsin L) is located on human chromosome 9 and plays an essential function in lysosomes by
degrading intracellular proteins; it is involved in various biological processes, including immunomodulation, apoptosis,
and tissue remodeling.*> CTSL furthermore degrades the extracellular matrix in breast cancer; increases cell prolifera-
tion, migration, and invasion; and disrupts intercellular adhesion.>® In head and neck squamous cell carcinoma, CTSL is
closely associated with the infiltration of immune cells and is a potential oncogenic factor.** The overexpression or
aberrant activation of CTSL has therefore been associated with the development and progression of various cancers, and
its regulation can potentially provide new therapeutic options.

LAPTM4B (encoding lysosome-associated transmembrane protein 4 beta) is found on human chromosome 8. Its protein
interacts with yes-associated protein to create a positive feedback loop that promotes tumor cell invasion and metastasis.*’
In renal cell carcinoma, downregulation of LAPTM4B expression significantly reduces proliferation and promotes
apoptosis.’® Moreover, LAPTM4B regulates the RPS9/STAT3 axis to promote acute myeloid leukemia progression.’’
LAPTM4B is therefore essential for tumor cell proliferation, survival, invasion, metastasis, and immune escape.

MYO10 (myosin X) is located on human chromosome 7 and encodes actin, which is involved in intracellular protein
transport and cellular motility. MYO10 plays a crucial role in mitotic progression, the regulation of genomic stability, and
the development of inflammation and tumors.®® It is significantly expressed in colorectal cancer tumor tissues and
promotes colorectal cancer progression and metastasis by mediating the integrin/Src/FAK signaling pathway. High
MYO10 expression is generally associated with tumor aggressiveness and a poorer prognosis.®’ Similar to the afore-
mentioned core genes, MYO10 plays a vital role in cancer, especially in tumor invasion and metastasis.

NCF2 (encoding neutrophil cytosolic factor 2) is located on human chromosome 1 and is an essential subunit of the
NADPH oxidase complex, which plays a crucial role in neutrophils of the immune system. The positive expression of
NCF2 may promote ESCC aggressiveness. PDLIM?2 is located on human chromosome 5 and interacts with other proteins
to participate in intracellular signaling, cell adhesion, and other functions.*” The gene plays a crucial role as a tumor
suppressor or promoter in several cancers. For example, PDLIM?2 attenuates ovarian cancer cell proliferation, migration,
invasion, and EMT by inhibiting the TGF-B/Smad pathway.*' In breast cancer, PDLIM2 expression affects tumor-
associated stroma (particularly M2 macrophage infiltration), contributing to the progression of triple-negative and other
breast cancer subtypes.** Therefore, the role of PDLIM?2 in cancer is complex, and its specific function depends on the
cell type, tumor type, and interactions involved, among other factors. In summary, CTSL, LAPTM4B, MYO10, NCF2,
and PDLIM2 all represent noteworthy prognostic markers for ESCC.

The TME plays a vital role in cancer progression, and there is growing evidence that cancer immunotherapy is
important for patients with tumors.*® This study examined the differences in immune cell infiltration between high- and
low-risk patients. Monocyte and macrophage counts of the high-risk group were significantly enriched. Monocytes
release large amounts of inflammatory mediators, creating an inflammatory environment that promotes tumor growth and
creates a fertile ecological environment for cancer development.** Meanwhile, the expression of regulatory T cells was
higher in the high-risk group, and these cells are capable of generating an immunosuppressive microenvironment that
hinders the CD8+ T cell-mediated eradication of tumor cells, which in turn promotes tumorigenesis progression.*’

In recent years, considerable breakthroughs have been made in cancer treatment using monoclonal antibodies against
immune checkpoint molecules. For example, PD-1/PD-L1 inhibitors have shown favorable therapeutic effects in solid
tumors.*® Our findings demonstrated that risk scores can be helpful biomarkers for immunotherapy. Risk scores were
strongly positively correlated with PD-1/PD-L1, and there were significant variations in immunity and stromal scores
between the high- and low-risk groups. Risk scores can also aid drug screening. This study revealed the potential
therapeutic effects of AZD8186, tospletinib, gemcitabine, GSK2606414, mitoxantrone, RPT062607, SB505124, and
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UMI.77 on ESCC, and a better understanding of the mechanism of action of these drugs can stimulate the development
of novel cancer treatments.

B-Sitosterol is known to possess anticancer activity against various cancers.*’ A higher dietary intake of p-sitosterol is
associated with a lower risk of ESCC, and phytosterol-rich foods or supplements are essential for preventing squamous
esophageal cancer.”® The ability of B-sitosterol to act on the five core genes identified was evaluated in this study. Our
results indicated strong binding affinities between B-sitosterol and all of these genes, suggesting that -sitosterol may be
another potential therapeutic target for ESCC. It is the most abundant phytosterol and is found in a wide variety of plant
foods. With the option to administer it via food intake, B-sitosterol can reduce the enormous public health and economic
burden tremendously. Future research is warranted to investigate the mechanism of B-sitosterol action in ESCC treatment.

Our study has some limitations. The epithelial prognostic model was developed using a publicly available dataset and
needs to be validated by extensive prospective clinical studies, and patients should not use nomograms to assess their risk
of death without further validation in a representative patient population. In addition, due to the limitations of this study,
prognostic genes could not be validated by independent studies.

Conclusions

Using single cell and bulk RNA-seq, this study explored the link between epithelial cells and the TME in ESCC. It
revealed and validated essential prognostic genes, further elucidating epithelial cell heterogeneity through functional
enrichment, cellular differentiation trajectories, and intercellular communication. In addition, we used a multigene
combinatorial model to build predictive models, combined epithelial cell-related genes and prognostic risk models,
and performed drug sensitivity prediction, cell mutation, and immune cell infiltration analyses. We furthermore analyzed
the potential therapeutic role of B-sitosterol in ESCC to provide additional treatment options for patients with ESCC. And
we verified the stability of the core genes by further experiments. In conclusion, our findings offer compelling support for
the development of novel ESCC biomarkers and guide the early intervention or reversal of ESCC. We hope that our work
will help advance the development of precise immunotherapies for ESCC and provide a reliable basis for individualized
ESCC patient management and treatment.

Abbreviations:

C-index, concordance index; ESCC, esophageal squamous cell carcinoma; GDSC, Genomics of Drug Sensitivity in
Cancer; GO, gene ontology; GSEA, gene set enrichment analyses; IC50, 50% inhibiting concentration; KEGG, Kyoto
Encyclopedia of Genes and Genomes; K-M, Kaplan—Meier; LASSO, least absolute shrinkage and selection operator; OS,
overall survival; scRNA-seq, single-cell RNA sequencing; TMB, tumor mutation burden; TME, tumor microenviron-
ment; tSNE, t-distributed stochastic neighborhood embedding.
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