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Multi-omics analysis unveils a four-gene
prognostic signature in esophageal squamous
carcinoma and the therapeutic potential

of PKP1
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Peng Wang'*" and Xiaoli Liu*’

Abstract

Background Esophageal squamous cell carcinoma (ESCC) is one of the most common malignancies, characterized
by high heterogeneity and poor outcomes. Effective classification for patient stratification and identifying reliable
markers for prognosis prediction and treatment choice are crucial.

Methods Integration of single-cell RNA-sequencing (RNA-seq) and bulk RNA-seq analyses were used to characterize
ESCC. Non-negative matrix factorization (NMF) clustering was performed to stratify the ESCC patients into different
subtypes and the clinical and pathological features of the ESCC subtypes were compared. Cox regression analysis and
LASSO regression analysis were used to select key genes and construct a risk model for ESCC. The associations of the
key genes with anti-cancer drug sensitivities in ESCC cell lines were investigated. RT-gRCR experiments, proteomics
analysis, and multiplex immunohistochemistry (mIHC) experiments were used to validate the results. Furthermore,
one identified gene was selected to investigate its correlation with EGFR expression and the gene effect scores of
various potential gene targets across pan-cancer.

Results The study identified the dysregulated distributions of epithelial cells and fibroblasts as characteristic of
ESCC. ESCC patients could be classified into four distinct subtypes with unique cell type features and prognoses.
With the gene makers of the cell type features, a four-gene prognostic signature for ESCC was constructed. The
CCND1-PKP1-JUP-ANKRD12 model could effectively discriminate the survival status of ESCC patients, independent of
various pathological and clinical features. The risk score for the samples was correlated with the expression levels of
immunoregulatory genes. The prognostic effects of CCND1, PKP1, and JUP were confirmed at the protein level. The
phosphorylation levels of PKP1, JUP, and ANKRD12 were found to be dysregulated in ESCC tumors. Their expression
dysregulation and heterogeneity were demonstrated in ESCC cell lines. All four genes were significantly correlated
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with at least one of the anti-cancer drug sensitivities in ESCC cell lines. PKP1 expression was significantly correlated
with EGFR expression and gene effect scores in multiple cancers.

Conclusions We conclude that the CCND1-PKP1-JUP-ANKRD12 signature may serve as a novel indicator for ESCC
prognosis and diagnosis. PKP1 expression might provide new clues for gene therapy efficacy in multiple cancers.

Keywords Esophageal squamous cell carcinoma, scRNA-seq, Heterogeneity, PKP1, JUP, Gene effect

Introduction
Esophageal cancer (EC) is one of the most malignant
tumors and one of the top leading causes of cancer death
in the world [1, 2]. With significant geographical varia-
tions in its incidence and prevalence, EC is particularly
prevalent in East Asia and Eastern Africa. In fact, about
53% of new EC cases worldwide occur in China. There are
two primary histological types of EC, namely squamous
cell carcinoma (ESCC) and adenocarcinoma (EAC).
Globally, ESCC is the most common type and accounts
for about 85% of the EC cases [3]. In China, more than
90% of EC tumors are ESCC. Despite advances in treat-
ment strategies, the prognosis of ESCC is not satisfying
and the 5-year survival rate remains below 20%. As poor
prognosis of ESCC is mainly due to late diagnosis and
tumor heterogeneity [4], patient stratification for person-
alized therapy and early detection are very important.

Recent advancements in single-cell RNA sequenc-
ing (scRNA-seq) technologies have revolutionized our
understanding of tumor heterogeneity and provided
valuable insights into cancer biology. The advantages
of scRNA-seq are evident, particularly in enabling the
identification of distinct subpopulations and molecular
profiles that may drive tumor progression and drug resis-
tance [5]. In hepatocellular carcinoma (HCC), scRNA-
seq analysis in rat model revealed the promoting roles of
GPNMB" and Gal-3* hepatic parenchymal cells in HCC
immunosuppression and tumorigenesis [6]. In colorec-
tal cancer, scRNA-seq analysis uncovered the activa-
tion of mast cells within the tumor microenvironment
[7]. The heterogeneity of ESCC has been confirmed in
many studies. In fact, a recent study using scRNA-seq
analysis revealed significant differences in the densities
of tumor-infiltrating immune cells (such as T cells and
dendritic cells) and their associations with tertiary lym-
phoid structures in ESCC [8]. The cell-cell interactions
between malignant and non-malignant tissues in ESCC
were found to be distinct [9] and the epithelial cells were
shown to activate fibroblasts through downregulation of
ANXAI1-FPR?2 interactions which in turn promote ESCC
development [10]. The complexity of cell subpopulations
and their communications in ESCC highlights the neces-
sity for in-depth exploration of the cell compositions and
their roles during ESCC occurrence and progression.

At present, many existing studies on prognostic bio-
markers for ESCC mainly focus on analyzing certain

biological processes or metabolic pathways [11, 12].
However, the impact of the intra-tumoral cellular hetero-
geneity of ESCC is not yet fully understood. In this study,
to capture the heterogeneity of individual cell popula-
tions while maintaining scalability and cost-effectiveness,
we integrated scRNA-seq and bulk RNA-seq analyses to
comprehensively characterize ESCC. Using the cell types
and their marker genes deduced from scRNA-seq data of
ESCC, we estimated the abundances of these cell types
with CIBERSORT (Cell-type Identification By Estimating
Relative Subsets Of RNA Transcripts) method. This anal-
ysis identified four cell-type-based ESCC clusters with
different prognoses in the bulk RNA-seq data. Based on
the gene expression profiles of the four ESCC clusters, we
constructed a four-gene prognostic signature model for
ESCC. The prognostic effects and dysregulations of the
four genes were also validated at protein level. Addition-
ally, their associations with anti-cancer drug sensitivities
in ESCC cell lines were investigated. Based on the signifi-
cant correlations of PKP1(one of the four genes) expres-
sion and the half maximal inhibitory concentrations
(IC50s) of several EGFR inhibitors in ESCC cell lines,
we speculated that there might be associations between
PKP1 and EGFR in ESCC. In proteomics analysis and
multiplex immunohistochemistry (mIHC) analysis, we
found the co-expression of PKP1 and EGFR. Pan-cancer
analysis was also performed to investigate the correlation
of PKP1 expression with EGFR expression and multiple
gene effect scores. We hope that the results will provide
new directions for ESCC prognostic prediction, diagno-
sis, and personalized therapy.

Materials and methods

Cell type annotation and gene expression analysis in ESCC
scRNA-seq data

A total of 64 samples (tumor: n=60, adjacent normal,
n=4) in GSE160269 [13] were included for scRNA-
seq analysis. The clinical features of the patients were
shown in Supplementary Table S1. The cells with fewer
expressed genes (n<300) and the genes expressed in
fewer cells (n<5) were excluded. With “Seurat” R pack-
age, low quality cells with mitochondrial gene counts pro-
portion >=20% were also removed. After quality control,
a total of 208,659 cells were included for further analysis.
To depict the cell type compositions of the samples, clus-
ter analysis of single-cell transcriptome was performed



Zhang et al. BMC Cancer (2025) 25:777

using “FindNeighbors” and “FindClusters” functions
with dimensions of 10 and a resolution of 1.0. With the
cell markers obtained from CellMarker (http://xteam.x
bio.top/CellMarker/) and previous studies [14-16], the
cells in different clusters were annotated into different
cell types. The results were visualized by the uniform
manifold approximation and projection (UM AP) method
which projected the cells into two dimensions for visu-
alization. Marker genes were visualized for their expres-
sions in different cell types using “dotplot” function. The
proportions of different epithelial cell subtypes in ESCC
and normal esophageal tissues were calculated and pre-
sented with heatmap plot. The representative maker
genes (100 genes for each cell type) of different cell types
were deduced with “cosg” R package. For further CIBER-
SORT analysis [17] in ESCC bulk-seq dataset, a gene
expression matrix of different cell types with their maker
genes was constructed to be a background for the cell
type evaluations.

Bulk RNA-seq analysis of the cell type compositions with
single-cell makers in ESCC dataset

CIBERSORT algorithm was used to estimate the rela-
tive abundance of cell types in the ESCC bulk RNA-seq
dataset GSE53625 [18], based on the cell type signature
matrix deduced from GSE160269 dataset. The clinical
features of the 179 patients were shown in Supplemen-
tary Table S1. To estimate the potential effects of age,
sex, tumor grade, tumor stage, tobacco-use, and alcohol-
use on ESCC heterogeneity, the cell type compositions
among the samples with different clinical characters
were compared. To investigate the heterogeneity of the
cell type compositions in different tumor samples, non-
negative matrix factorization (NMF) was performed to
stratify the ESCC patients into different clusters. Kaplan-
Meier survival analysis was used to present the prognos-
tic differences among the ESCC clusters. Age, sex, tumor
grade, tumor stage, tumor location, alcohol-use, and
tobacco- use were also considered to analyze the inde-
pendent prognostic effects of ESCC clustering on the
patients’ survival.

Table 1 The primers for the genes

Gene Forward primers (5'-3') Reverse primers (5'-3’)
CCND1 GCTGCGAAGTGGAAACCATC CCTCCTTCTGCACACATTTGAA
PKP1 CCACTCCAATCGAGGTTCCAT  AGGGTTCCATTGTAGATCG-
GATA
JUP TCTCCAACCTGACATGCAACA CATAGTTGAGACGCA-
CAGAGTTC
ANKRD12  AGGACAAGCTATATTCG- TCCATCAAGTGCTTTTCTTT-
CATCAC GCT
GADPH  CGGAGTCAACGGATTTG- AGCCTTCTCCATGGTGGT-
GTCGTAT GAAGAC
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Key maker gene identification and risk model construction
for ESCC

The representative features (cell types) of the clusters
were extracted. Univariable Cox regression analysis was
used to investigate the age- and gender-adjusted prog-
nostic roles of marker genes of the representative cell
types. The marker genes with p<0.05 were then applied
to LASSO regression analysis to identify independent
gene makers and construct risk model for ESCC overall
survival (OS). Receiver Operating Curve (ROC) analysis
was used to evaluate the efficiency of the risk model in
discriminating of the OS status of the patients.

According to the risk model, the risk score of each
patient was calculated, and the ESCC patients were
divided into high- and low-risk groups using the median
risk score as the threshold. The difference in OS between
the high- and low-risk patients was visualized using
Kaplan-Meier survival analysis with log-rank test. The
independence of the risk model, the prognostic effects
of the risk score were also investigated in different ESCC
subgroups according to their clinical features (tumor
stage, tumor grade, age, sex, alcohol-use, tobacco-use,
tumor location, and adjuvant therapy).

The immunoregulatory genes were obtained from the
Cancer Immunome Atlas (TCIA) (https://www.tcia.at)
and the correlations of the key genes with the immune
regulators were investigated.

Key gene expressions in ESCC cell lines by reverse
transcription-qPCR (RT-qPCR)

RT-qPCR has been used to investigate gene expression
levels in many studies [19, 20]. In this study, the relative
expressions of the key genes were investigated in three
ESCC cell lines (KYSE150, Ecal09, and TE1) and the nor-
mal esophageal cell line HEEC. The four cell lines were
obtained from Procell Life Science & Technology Co.,
Ltd (China). They were maintained in a 5% CO, incuba-
tor (Thermo Fisher, USA) at 37 °C in T25 culture flasks.
According to the manufacturer’s instructions, the total
RNA was extracted using TRIzol (LEAGENE, China).
With the RevertAid First Strand cDNA Synthesis Kits
(Novoprotein), the extracted RNA was reverse tran-
scribed. The primers for the genes were shown in Table 1.
The relative expressions of the genes were calculated
by the 2744¢ method and normalized by GADPH. The
experiments were performed in triplicate. For the gene
expression comparisons, T-test were used and p<0.05
was considered significant.

Validation of the key gene expression dysregulations and
their prognostic effects at protein level

The expressions of the key maker genes were then inves-
tigated for their dysregulations in ESCC at protein level
with the proteomic and phosphoproteomic data of 124
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ESCC tumors and their paired adjacent non-tumor tis-
sues in Liu study [21] (clinical features were shown in
Supplementary Table S1). The expressions of the proteins
and their phosphorylation levels (of different site) were
compared. The prognostic effects of the proteins were
validated.

Further exploration of associations of the key gene
expressions with anti-cancer drug sensitivities of ESCC cell
lines

The gene expression profiles in ESCC cell lines were
download from Depmap portal (https://depmap.org
/portal/) and the half maximal inhibitory concentra-
tions (IC50s) of the anti-cancer drugs in Cancer Cell
Line Encyclopedia (CCLE) cell lines were used (CCLE_
NP24.2009_Drug_data_2015.02.24). A total of 24 anti-
cancer drug data in 15 ESCC cell lines (with the key gene
expressions) were included for analyses. The Spearman
correlations of the anti-cancer drug IC50s with the key
gene expressions were estimated.

Multiplex immunohistochemistry (mIHC) analysis of PKP1
and EGFRin EC

The EC tissues from 48 EC patients were obtained from
Henan People’s Hospital of Henan Province, with the
consent of the patients and the approval of the hospital’s
ethics committee (approval ID: 2019-48). The inclusion
criteria for patients are as follows: aged 18 years or older;
clinically diagnosed with esophageal cancer; no history
of other malignant tumors; planned to receive standard-
of-care treatment; and willing to provide informed con-
sent. Exclusion criteria include: having other primary
malignancies within the past 5 years; distant metastasis
not amenable to curative treatment; severe comorbidi-
ties; pregnancy or lactation; significant psychiatric or
cognitive impairment; inability to provide consent; and
concurrent participation in another interventional clini-
cal trial. A total of 48 patients were ultimately included,
comprising 40 ESCC cases, two esophageal adenocarci-
noma and six other esophageal malignancies. The clini-
cal features of the samples were shown in Supplemental
Table S1. With these tumor tissues, a tumor tissue micro-
array was constructed by Shanghai Weiao Biotech Com-
pany (Shanghai, China). Two-antibody triple-color mIHC
experiment was performed to investigate the expres-
sion and location of PKP1 and EGEFR in the EC tissues.
According to previous studies [22-25], we performed
deparaffinization, rehydration, antigen retrieval, cell per-
meabilization, endogenous enzyme inactivation, block-
ing, antibody incubation, washing and fluorescence
staining on the tissue sections. Fluorescence dye tyra-
mide signal amplification (TSA) (1:100) was used to label
the proteins and 4,6-diamidino2-phenylindole dihydro-
chloride (DAPI, cat: SKU FP1490; Akoya Biosciences)
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was used to stain nuclei. Finally, the experiment was
terminated with stop solution. Notably, the steps from
primary antibody binding to fluorescence staining were
carried out in two rounds. The first round was the stain-
ing of PKP1, and the second round was the staining of
EGEFR. During the experiments, the PKP1-specific anti-
body (Cat. 22632-1-AP, Proteintech, USA) and EGFR-
specific antibody (Cat. BX50092C3) were diluted into
1:100 for use. Novolink Polymer Detection System (anti-
rabbit Poly-HRP-IgG, Leica Biosystems) was used to
detect the primary antibodies. Novo-Light TSA620 (red)
and TSA520 (green) was used for fluorescent staining of
PKP1 and EGER, respectively.

Visiopharm software (Hoersholm, Denmark), a lead-
ing Al-driven precision pathology software was used for
mIHC analysis. According previous study [25], the PKP1
intensity and EGFR intensity were evaluated. Generally,
the tissue array is initially segmented into single cores
based on the “tissuearray” App. Following tissue array
segmentation, individual cells were identified based on
the presence of DNA (DAPI) and membrane proteins
where available. The unsupervised phenotyping algo-
rithm was trained across multiple images resulting in
identification of cellular phenotypes. The trained APP
were used for division of identified cells into the identi-
fied phenotypes. The phenotypes were counted and fur-
ther visualized. To improve visual clarity, the original
images were enhanced with color-coded overlays, which
made the location and distribution of the recognized
phenotypes more noticeable.

Correlation analysis between PKP1 and EGFR expressions
in pan-cancer tissues

The Cancer Genome Atlas (TCGA) database provides
an excellent data source for studying the roles of genes
in various types of tumors. Currently, many pan-can-
cer studies have suggested that the abnormal expres-
sion of certain genes may be a common feature among
multiple types of tumors or a unique characteristic of a
specific type of tumor [26-28]. These findings offer valu-
able directions for research into tumor biomarkers. In
this study, the gene expression profiles of pan-cancer
tissues in TCGA database and the corresponding basic
clinical data were obtained from XENA browser datahub
(https://gdc.xenahubs.net). The fragments per kilobase
million (FPKM) data was transformed to transcripts per
million (TPM). The expressions of PKP1 and EGFR were
extracted and their Spearman’s correlations in different
tumors were estimated.

The correlations of PKP1 expression with gene effect
scores of multiple genes in pan-cancer cell lines

Single gene or gene set pan-cancer analysis can reveal
the common and distinct molecular mechanisms across
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different types of cancers [27, 29]. Here, pan-cancer
analysis of PKP1 was also performed. Gene effects (per-
turbation effects) data of CCLE cell lines in the pan-
cancer CRISPR-Cas9 dataset was downloaded from
Depmap portal (https://depmap.org/portal/). The gene
effect score was evaluated according to the speed change
after the knockout of a specific gene [30] and the nega-
tive effect scores indicated positive associations of the
genes with the growth of the cell lines. Usually, effect
scores less than - 0.5 represented depletion in most cell
lines, while less than -1 indicated strong killing effects
of the gene knockout. As plenty of genes have different
effects or effects of different level in different cell lines, it
is essential to find the indicators of their gene effects in
different samples. Here, to uncover the indicative poten-
tial of PKP1 expression for the potential gene targets in
pan-cancer, the gene effect score of the genes with pro-
nounced genetic effect variations (range > 2, n=929) were
investigated for their correlations with PKP1 expression
CCLE cell lines (n=1005).

Statistical analysis

All the analyses were performed with R 4.3.2 software.
Seurat package (V4.4.0) was used for scRNA-seq analysis.
The comparisons between two groups were conducted
using the Wilcoxon test, while comparisons among multi-
ple groups were conducted using the Kruskal-Wallis test.
Cox regression, LASSO regression and Kaplan-Meier
survival analysis with log rank test were used for survival
analysis. Spearman correlation analysis was used to esti-
mate the correlations between two variables. For these
analyses, p <0.05 was considered significant.

Results

Cell type identification and their heterogeneity in ESCC
through scRNA-seq analysis

After dimensionality reduction and clustering analyses,
37 original cell clusters were identified in ESCC and the
para-normal tissues (Fig. 1A). With the cell marker above
and the representative genes of the cells, these clusters
were classified into 18 cell types/subtypes including four
epithelial subtypes and two fibroblast subtypes (Fig. 1B).
The gene expression profiles were shown in Fig. 1C.
When comparing the cell type compositions between
ESCC and their paired normal tissues, significant differ-
ences were shown (Supplementary Figure S1). Interest-
ingly, it was found that the epithelial 1 cells accounted
for more than a half of the epithelial cells in the normal
tissues while the epithelial_4 cells were uniquely pre-
sented in the tumor tissues (Fig. 1D). For fibroblast cells,
their major types in tumor and normal tissues were also
different. Obviously, fibroblast_1 accounted for almost
80% of the fibroblast cells in the tumor tissues, while
fibroblast_ 2 was the major type in the normal tissues
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(Fig. 1D). The proportions of all the cell types were also
investigated and significant heterogeneity among the
tumor tissues was also presented (Fig. 1E).

Through “COSG” analysis, the marker genes of the 18
cell types (100 genes for each cell type) were identified
(Supplementary Table S2) and the heatmap of the top-3
gene expressions of the cell types/subtypes were shown
in Supplementary Figure S2.

Relative abundances of the cell types in ESCC bulk RNA-seq
dataset

Using the cell type signature matrix derived from the
scRNA-seq data, we estimated the abundances of cell
types in the GSE56325 samples through CIBERSORT
analysis. The heterogeneity in cell proportions among the
ESCC samples was evident (Fig. 2A). As shown in Fig. 2B,
the abundance of proliferating NK cells (CC_NK cells)
was higher, while the abundances of epithelial 1 cells
and epithelial_2 cells were lower in high-grade (grade
III) tumors compared to low-grade (grade I) tumors
(p<0.05), indicating their associations with ESCC differ-
entiation. For their relations to ESCC stage, only epithe-
lial_1 cells presented significant difference among ESCC
samples of different stages and their lower abundance
was shown in later stage (stage II/III) tumors than early
stage (stage I) ones (p <0.05, Fig. 2C).

The associations of age, sex, alcohol-use and tobacco-
use with the cell abundances were also investigated. As
shown in Supplementary Figure S3A, none of the cell
types presented abundance difference between the young
(age<=60y) and the old (age >60y) samples (p>0.05). In
Supplementary Figure S3B, a higher level of epithelial_2
cells was shown in male patients while no significance
was shown for the other cell types. Interestingly, com-
pared to ESCC samples without a tobacco-use history, B
cells (p<0.05) and regulatory T cells (p<0.05) were less
enriched, while CC_NK/T cells were more enriched in
ESCC samples with a tobacco-use history (Supplemen-
tary Figure S3C). Similarly, in ESCC samples with an
alcohol-use history, B cells and regulatory T cells were
less enriched, while CC_NK/T cells were more enriched
compared to samples without an alcohol-use history
(Supplementary Figure S3D). Besides, alcohol-use also
presented potential impacts on the abundances of epithe-
lial_2 cells, fibroblast_1 cells, fibroblast_2 cells, pericytes,
and plasma cells (Supplementary Figure S3D), indicating
its intimate relations to ESCC microenvironment.

NMF clustering of ESCC samples and its associations with
ESCC prognosis

Based on the decline of the cophenetic coefficients and
the RSS curve in the NMF analysis, the optimal number
of clusters was determined to be four (k=4) (Fig. 3A).
Consequently, the ESCC samples were categorized into
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Fig. 1 Cell type annotation of ESCC single-cell samples. (A) UMAP plots showing the 37 cell clusters identified among a total of 64 study participants,
including ESCC (n = 60) and normal tissues (n = 4). (B) The cell clusters were annotated as 18 cell type/subtypes with known gene signatures. (C) Expres-
sion profiles of marker genes for the different cell types/subtypes. (D) Proportions of different epithelial and fibroblast subtypes within the epithelial cells
and fibroblasts, respectively. (E) The proportions of all the cell types in different ESCC samples. For the cell type annotations, CC_ represented cell cycle-
related/ proliferating cells."Seurat” package (version 4.4.0) was used for single-cell analysis

four groups (C1, C2, C3, and C4) for further analysis
(Fig. 3B). Kaplan-Meier analysis revealed significant dif-
ferences in overall survival (OS) among these clusters,
with C1 patients having the shortest OS and C4 patients

having the longest OS (Fig. 3C). Notably, the prognostic
impact of ESCC clustering on OS was more pronounced
in younger patients (age<60 years) (Fig. 3D) and male
patients (Fig. 3E) compared to older patients (age>60
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Fig. 3 Single-cell proportion-based NMF clustering of 159 ESCC samples from GSE53625. (A-B) NMF analysis identified four distinct clusters (C1-C4). (C)
Significant OS differences were observed among patients in different clusters. (D-E) OS comparisons across age groups (D) and between genders (E). (F)
OS comparisons in patients with and without tobacco use. (G) OS comparisons in patients with and without alcohol use. (H-K) OS comparisons across
varying tumor locations, grades, stages, and adjuvant therapy statuses. OS, overall survival
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years) and female patients. Significant OS differences
were also observed in patients without a tobacco-use his-
tory (Fig. 3F), while a trend toward significance (p<0.1)
was seen in those with a tobacco-use history (Fig. 3F).
Similarly, ESCC clustering had a significant prognostic
effect in patients with and without alcohol use (Fig. 3G),
as well as in those with tumors located in the lower and
middle regions (Fig. 3H). In patients with grade I and
III tumors, the prognostic effects were significant, while
a trend toward significance was observed in grade II
patients (Fig. 3I). Significant OS differences were also
found among clusters in late-stage patients, although no
significant difference was seen in stage-I patients. How-
ever, a trend (p<0.1) was observed in stage-II patients
and a significant difference (p <0.05) in stage-III patients
(Fig. 3]). Even in patients receiving adjuvant therapy,
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ESCC clustering retained its prognostic significance
(Fig. 3K). Overall, these findings demonstrate the robust
and independent prognostic value of ESCC clustering
across various patient subgroups.

ESCC cluster-based gene risk model for ESCC OS

The five representative cell types (epithelial_2, epithe-
lial_3, epithelial_4, CC_NK/T, and CD4_memory_T_cell)
were identified via NMF clustering, and their marker
genes were subjected to Cox regression analysis. After
correcting for age and sex, 17 marker genes were found
to have prognostic effects on ESCC OS (Supplementary
Table S3). Through LASSO regression analyses, an eight-
gene model and a four-gene model were constructed
(Fig. 4A). As shown in Fig. 4B, the two models could pre-
dict the survival status of the patients effectively, with
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(See figure on previous page.)

Page 11 of 21

Fig. 5 Prognostic effects of risk score in ESCC patients. (A) Significant differences in OS between high- and low-risk groups. (B) Differences in ESCC cluster
composition between high- and low-risk patients. (C-D) OS differences between high- and low-risk ESCC patients across tumor stages (C) and grades
(D). (E-F) OS differences between high- and low-risk ESCC patients across age groups (E) and genders (F). (G-H) The OS difference between high- and
low-risk ESCC patients with different alcohol (G) and tobacco (H) use histories. (I) OS differences among ESCC patients with different tumor locations (J)
OS difference among ESCC patients with different adjuvant therapy histories. Kaplan-Meier survival analysis with log-rank test and Chi-square test were

used and p < 0.05 was considered significant

AUCs of 0.735 and 0.714, respectively. While, the two
risk models presented no significant difference between
their effectiveness (p>0.05). Given this equivalence in
performance, we opted for the four-gene model due to
its simplicity and parsimony. Generally, a more concise
gene signature can be advantageous in practical applica-
tions, such as clinical settings, where it may be easier to
implement and interpret. Additionally, a smaller number
of genes can potentially reduce the complexity and cost
associated with subsequent validation studies and clini-
cal use. Therefore, the genes in the four-gene model were
focused for further analysis The age and sex-corrected
prognostic effects of the four genes were visualized in
Fig. 4C-F, with significant differences between HCC clus-
ters depicted in Fig. 4G. As shown in Fig. 4H, three of the
four genes (PKP1, JUP, and ANKRD12) were differen-
tially expressed across ESCC samples of varying grades,
indicating their associations with ESCC differentiation.
However, no significant differences were observed among
ESCC samples of different stages (Fig. 41). The prognostic
relevance and differential expression patterns of the four
genes suggest their potential utility in ESCC differentia-
tion and clinical applications.

According to the coefficients of the genes in the model,
the risk scores of the ESCC patients were estimated with
the following formular:

Risk score = 0.0350 « CCND1 — 0.0188 *x PK P1
— 0.0186 « JUP + 0.0998 *x ANKRD12

With the median risk score as the threshold, the sam-
ples were separated into high- and low-risk groups. As
shown in Fig. 5A-B, compared with patients in the low-
risk group, those in the high-risk group exhibited sig-
nificantly shorter survival. Additionally, there were more
C1 patients (characterized by longer OS) and fewer C4
patients (characterized by shorter OS) among the high-
risk group. The prognostic effects of the four-gene risk
model were also evident across different ESCC sub-
groups, based on various clinical features of the patients
(Fig. 5C-J). This suggests that the model has the poten-
tial to serve as an independent prognostic indicator for
ESCC, regardless of tumor stage, tumor grade, age, sex,
alcohol and smoking history, tumor location, and adju-
vant therapy history.

There were also significant associations of ESCC risk
score with immunoregulator expressions. As shown in

Supplementary Table S4, eleven immunostimulators and
five immunoinhibitors presented significant positive or
negative correlations with ESCC risk score, respectively.
Interestingly, most of the MHC-risk correlations were
positive, indicating the intimate relations of MHC regula-
tions to ESCC prognosis.

Expression dysregulation and heterogeneity of the key
genes in ESCC cell lines

As shown in Fig. 6A, CCND1 was higher expressed in
the three ESCC cell lines (KYSE150, TE1, and Ecal09)
than the normal esophageal cell line HEEC. Obvious
heterogeneity of CCND1 expression in ESCC cell lines
was shown, with highest expression in Ecal09 cells while
lowest expression in KYSE150 cells. PKP1 was also het-
erogeneously expressed in ESCC cell lines (Fig. 6B). In
contrast to the higher expression of PKP1 in KYSE150
cells, a lower expression trend of PKP1 in TE1 cells than
HEEC cells was presented. However, there was no signifi-
cant difference in PKP1 expression between HEEC cells
and TE1 and Ecal09 cells. JUP was downregulated, while
ANKRD12 was upregulated in ESCC cell lines relative
to HEEC cells (Fig. 6C and D). These findings indicate
that the dysregulation and heterogeneity of key genes in
ESCC cell lines mirror the patterns observed in ESCC
tumors through scRNA-seq and bulk RNA-seq analyses,
highlighting their potential roles in ESCC development.

Prognostic effects and dysregulations and of the key genes
at protein level

At the protein level, CCND1 exhibited unfavorable prog-
nostic effects on ESCC OS (Fig. 7A), while PKP1 (Fig. 7B)
and JUP (Fig. 7C) demonstrated favorable prognostic
effects, corroborating the mRNA-level results. However,
no significant prognostic effects of ANKRD12 protein
were shown (Fig. 7D). As shown in Fig. 7E-H, three of
the four proteins presented significant differences among
ESCC tumors of different grades. Lower levels of PKP1
(Fig. 7F) and JUP (Fig. 7G) in lower-grade ESCC tumors
indicate their positive association with ESCC differen-
tiation, whereas higher levels of ANKRD12 (Fig. 7H) in
higher-grade tumors suggest a negative correlation with
differentiation. Although CCND1 expression did not
significantly differ between ESCC tumors and normal
tissues, its heterogeneity among ESCC samples was evi-
dent, with both the highest and lowest levels detected
within ESCC samples (Fig. 7I). For PKP1 and JUP, they
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Fig. 6 RT-qPCR analysis of the key gene expressions in different ESCC cell lines. (A) Higher CCND1 expression and its heterogeneity in ESCC cell lines
(KYSE150, TE1, and Eca109). (B) Comparisons of PKP1 expression between three ESCC cell lines (KYSE150, TE1, and Eca109) and the normal esophageal
cell line HEEC. (C) Lower JUP expression and its heterogeneity in ESCC cell lines. (D) Higher ANKRD12 expression and its heterogeneity in ESCC cell lines.
Wilcoxon test was used for the gene expressions between different groups and p <0.05 was considered significant

were significantly lower expressed in the ESCC tumors
than their paired normal controls (Fig. 7J-K). However,
no significant expressional difference of ANKRD12 was
shown between the tumor and normal groups (Fig. 7L).
The phosphorylation levels of the four proteins were also
investigated. The phosphorylation levels of CCND1 (two
sites: CCND1:T286 and CCND1:T288) (Fig. 7M) pre-
sented no significant difference between the tumor and
normal groups. For PKP1, 77 phosphorylation sites were

detected and 80.5% of them (62/77) presented significant
lower phosphorylation level in the ESCC tissues than
their normal controls (Supplementary Figure S4). Simi-
larly, comparing with the normal controls, among the 34
phosphorylation sites of JUP protein, 17 sites were lower
phosphorylated while only one site was higher phos-
phorylated in ESCC tumors (Supplementary Figure S5).
In contrast to the lower phosphorylation of PKP1 and
JUD, six of the 24 sites of ANKRD12 were shown to be
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Fig. 7 Prognostic effects and dysregulations of the four key genes at protein level in ESCC. (A-D) Prognostic effects of CCND1, PKP1, JUP, and ANKRD12.
(E-H) Expression levels of CCND1, PKP1, JUP, and ANKRD12 in ESCC tumors of different grades. (I-L) Expression levels of CCND1, PKP1, JUP, and ANKRD12
in ESCC tumors vs. paired normal controls. (M-T) Phosphorylation levels of CCND1, PKP1, JUP, and ANKRD12 at different sites in ESCC tumors vs. paired
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higher phosphorylated in the ESCC tumors than the nor-  progression, clarify the molecular mechanisms of ESCC,

mal controls (Supplementary Figure S6). The represen-  and offer insights for future therapies.

tative phosphorylation sites with significant differences

for PKP1, JUP, and ANKRD12 were shown in Fig. 7N-Q  The associations of the four gene expressions with anti-

and R-S, and Fig. 7T, respectively. These results under-  cancer drug sensitivity in ESCC cell lines

score the roles of key genes in tumor differentiation and The four gene expressions presented significant cor-
relations with at least one of the 24 anti-cancer drug
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sensitivities in ESCC cell lines (Supplementary Table S5).
There was a significant negative correlation of CCND1
expression with the IC50 of Lapatinib (an EGFR inhibi-
tor) in ESCC cell lines (Fig. 8A). PKP1 was negatively
correlated with the IC50s of seven anti-cancer drugs
(AZDO0530, Erlotinib, Lapatinib, RAF265, TAE684,
TKI258, ZD-6474) in ESCC cell lines (Fig. 8B-H). Simi-
larly, there was a significant negative correlation of JUP
expression with Topotecan IC50 (Fig. 8I). With regard to
ANKRDI12, a positive correlation of its expression with
IC50 of PF2341066 (c-met inhibitor) was shown (Fig. 8J).
The negative correlations suggested that CCND1, PKP1,
and JUP expressions were potential positive indicators of
the implication of the corresponding anti-cancer drugs in
ESCC. While, higher ANKRD12 expression might be a
negative indicator for PF2341066 use.

The correlation between PKP1 expression and EGFR
expression
The negative correlations between the IC50s of EGFR
inhibitors (ZD-6474, Erlotinib, and Lapatinib) and EGFR
expression levels in Fig. 8 suggested a positive correlation
between EGFR and PKP1. Proteomic analysis of ESCC
tissues confirmed this positive correlation (R=0.45,
p<0.01, Fig. 9A). mIHC analysis showed that PKP1 was
located in the cell plasma and nucleus, while EGFR was
predominantly membranous (Fig. 9C). Despite their dif-
ferent locations, the positive correlation between their
expression levels was still evident (R=0.38, p<0.01,
Fig. 9B-C).

The correlations of PKP1 expression in other tumors
were also investigated. As shown in Fig. 9D, positive
correlations between PKP1 and EGFR expression were
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observed in 24 out of 36 tumor types, demonstrating the
generalizability of this relationship. In contrast, negative
correlations were observed in three tumor types, high-
lighting the heterogeneity among different tumors.

Significant correlations of PKP1 expression with gene
effects of multiple genes in pan-cancer cell lines

Among the 929 genes, 440 exhibited significant correla-
tions between their gene effect scores and PKP1 expres-
sion in pan-cancer cell lines (Supplementary Table S6).
Specifically, 232 genes showed negative correlations, indi-
cating that higher PKP1 expression was associated with
increased lethality of gene knockout. Conversely, 208
genes showed positive correlations, indicating that higher
PKP1 expression was associated with decreased lethality
of gene knockout. Figure 10A displays the correlations
of these genes, as well as their effect scores across vari-
ous cell lines. The top 20 genes with the strongest nega-
tive or positive correlations are labeled in Fig. 10A, and
their gene effect scores are visualized in relation to PKP1
expression in Figs. 10B-C. Consistent with the negative
correlation between PKP1 expression and the IC50 val-
ues of EGER inhibitors in ESCC cell lines, a similar nega-
tive correlation was observed between PKP1 expression
and EGER effect score in pan-cancer cell lines (Fig. 10A-
B). These results collectively highlight the potential role
of PKP1 in modulating gene knockout lethality and its
association with EGFR-related effects across multiple
cancer types.
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was used and p <0.05 was considered significant
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Fig. 9 The co-expression of PKP1 and EGFR in ESCC and pan-cancer tissues. (A) Significant positive correlation between PKP1 and EGFR protein expres-
sion in Liu-ESCC dataset. (B) Significant positive correlation between PKP1 and EGFR expression in ESCC tissues by mIHC analysis. (C) The representative
images of PKP1 and EGFR expressions in ESCC tissues. (D) The correlation of PKP1 expression with EGFR expression in different cancers at mRNA level. In
the mIHC image (C), red indicated the expression of PKP1 in the cytoplasm, green indicated the expression of EGFR in the cell membrane, and the purple
color indicated the expression of PKP1 in the nucleus. Spearman correlation analysis was used and p <0.05 was considered significant

Discussion

Tumor cell heterogeneity could promote tumor progres-
sion and therapy resistance [31, 32]. The contributions
of inter-tumor heterogeneity to prognosis discrepancy
were uncovered in many malignancies. To improve the
patients’ prognosis, it’s crucial to identify the key cells and
genes associated with intra- and inter-tumor heterogene-
ity. In this study, we focused on ESCC primary tumors
to uncover the cell composition differences among the
tumors and identify the key genes associated with ESCC
prognosis. Through the integration of scRNA-seq and
bulk RNA-seq analysis, we identified four ESCC clusters
with different cell type features and a four-gene signature
with independent prognostic effects. The dysregulations
and heterogeneity of the four genes were confirmed at
mRNA level in ESCC cell lines. At protein and/or phos-
phorylated protein level, their dysregulations were also
shown. Furthermore, their associations with anti-cancer
drug sensitivity in ESCC cell lines were also indicated.
These results might provide new clues for ESCC study.

In a recent study, an integrative analysis of multi-omics
data presented the complex heterogeneity between pri-
mary and metastatic ESCC in mRNA/protein levels as
well as cell abundances [33]. Here, the cell abundance
heterogeneity among the primary ESCC tumors were
also shown in the scRNA-seq data and the single cell data
derived from the bulk RNA-seq data. Tobacco smoking
and alcohol consumption were reported to be important
risk factors for ESCC in many studies [34—36]. Com-
pared with existing studies [37, 38], we also took into
account the potential impact of smoking, alcohol con-
sumption and tumor location on patient survival. Inter-
estingly, besides the associations of the cell abundances
with ESCC grade and stage, we also found the impacts
of tobacco-use and alcohol-use on the cell abundances
of the cells in this study, indicating the involvements
of tobacco-use and alcohol-use in regulating ESCC
microenvironment.

NMF clustering was confirmed to effective in tumor
stratification [39—41]. In this study, through NMF clus-
tering, we found ESCC patients could be separated into
four clusters with different prognosis. The independent
prognostic effects of the ESCC clusters indicated the dif-
ferent roles of different cell types during ESCC progres-
sion, in consistent with the cell heterogeneity in ESCC
reported in previous studies [8, 42]. To simplify the strat-
ification model of the ESCC clusters while retaining its
prognostic implications, we analyzed the marker gene

expressions of the representative cell types and identified
a four-gene prognostic signature. The CCND1-PKP1-
JUP-ANKRD12 signature could separate ESCC patients
into high- and low-risk groups effectively. Even in ESCC
patients of different pathological or clinical features, the
OS difference between the high- and low-risk patients
also existed. The independence of the prognostic effects
of the risk model indicated the important roles of the
four genes during ESCC development.

Among the four genes, CCND1 was reported to be a
cancer-related gene and dysregulated or mutated in
many malignancies [43]. The tumor-promoting effects
of CCND1 were shown in colorectal cancer [44], lung
cancer [45], and hepatocellular carcinoma [46]. In mela-
noma, the upregulation of CCND1 was found to be asso-
ciated the immune exclusion [47]. Here, we found the
unfavorable prognostic effects of CCND1 in ESCC both
at mRNA and protein level. However, in contrast to the
upregulation of CCND1 in other tumors, here, no signifi-
cant difference of total CCND1 protein level was shown
between ESCC tumors and their paired normal tis-
sues. Instead, the obvious heterogeneity of CCND1 and
phosphorylated CCND1 among the ESCC samples was
presented, highlighting the intimate relations of its inter-
tumor heterogeneity on ESCC prognosis. In addition, the
significant negative correlation of CCND1 to Lapatinib
IC50 suggested that high expression of CCND1 might be
an indicator for Lapatinib therapy in ESCC patients.

PKP1 gene encodes Plakophilin 1 (PKP1), a member of
the arm-repeat family of catenins. As a structural compo-
nent of desmosomes, PKP1 could stabilize cell-cell adhe-
sion in epithelial cells [48]. The specific roles of PKP1 in
tumor development seems to be complicated. In prostate
cancer [49], its anti-proliferative properties were shown
and its downregulation was found to be associated with
shorter patient survival. In contrast, its overexpression
and tumor-promoting roles were shown in breast can-
cer [50]. While in lung cancer, both oncogenic [51] and
tumor-suppressive [52] functions of PKP1 were reported.
In this study, the downregulation and favorable prognos-
tic effects of PKP1 was shown in ESCC, in consistent with
Fujita study [53]. It was found that phosphorylation of
PKP1’s N-terminal is essential for epidermal differentia-
tion while loss of function PKP1 could impair skin differ-
entiation and enhance epidermal carcinogens [54]. Here,
we also found the downregulation of PKP1 and its phos-
phorylation and the lower expression in higher-grade
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ESCC tumors. It was indicated that PKP1 decrease might
be an indicator for ESCC and its poor outcome.

In addition, through the associations of PKP1 expres-
sion with the sensitivity of ESCC cells to EGFR inhibi-
tors, we uncovered the positive correlations between
PKP1 and EGFR expressions in ESCC. TCGA provides
an extensive and comprehensive dataset that allows
researchers to identify potential cancer-specific thera-
peutic targets and enhance biomarker discovery. It also
offers valuable insights into the molecular characteriza-
tion of various cancers. In this study, pan-cancer analy-
sis also indicated the positive correlations of the two
gene expressions in multiple tumor tissues, indicating
that they might be involved in similar processes or share
similar regulatory mechanisms. We also investigated the
associations of PKP1 expression with the effects of mul-
tiple genes and it presented significant correlations with
the effect score of multiple genes in pan-cancer cell lines,
highlighting its potential as an indicator for the efficacy
of targeted gene therapy in the tumors.

While, some studies have highlighted potential biases
in TCGA data, such as technical biases from sequencing
methods and biological biases like tumor heterogeneity
and sample purity [55, 56]. Therefore, multiple valida-
tions are important. In this study, the positive correla-
tion between PKP1 and EGFR expression was confirmed
in different ESCC cohorts. However, their correlation in
other tumors requires further validation.

For JUD, it is also known as gamma-Catenin and can
form distinct complexes with cadherins and desmosomal
proteins. Both tumor-promoting and anti-tumor func-
tions of JUP have been reported. In prostate cancer, high
JUP expression has been reported to be associated with
tumor progression and an unfavorable prognosis [57].
In contrast, its tumor suppressor properties were shown
in several other tumors. In lung cancer, JUP expression
was decreased, and its re-expression could inhibit trans-
formed cell growth [58]. In bladder cancer, the restora-
tion of its expression could suppress the tumorigenic
potential and tumor cell migration [59]. In renal cell car-
cinoma, JUP knockdown could promote tumorigenicity,
while its overexpression could suppress it [60]. The anti-
tumor roles of JUP in ESCC and its favorable prognostic
effects were also reported [61]. Consistently, in this study,
we found the downregulation of JUP and its independent
prognostic role in ESCC. Additionally, we noticed lower
JUP levels in higher-grade ESCC tumors, downregulation
of phosphorylated JUP, and a negative correlation with
Topotecan IC50 in ESCC cell lines. These results indicate
the close relationship between JUP dysregulation and
ESCC progression.

ANKRDI12 gene, also named ANCO-1, encodes
ankyrin repeat domain 12 (ANKRD12), a member of
the ankyrin repeats-containing cofactor family. Several
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studies, its associations with cognitive function were
reported [62—65]. Unlike the three genes above, the clini-
cal significance of ANKRD12 in tumor was less stud-
ied. In colorectal cancer, lower ANKRD12 expression
(mRNA) was shown to be associated with shorter sur-
vival [66]. While, in ESCC, ANKRD12 mRNA was identi-
fied to be progression-associated mRNA [67]. Here, we
also found the tumor-promoting potential of ANKRD12
in ESCC. Although no significant difference of its total
protein level was shown between ESCC and normal con-
trols, its positive correlation with ESCC grade was obvi-
ous and its upregulated phosphorylation level in the
tumor tissues were presented.

Beyond their individual functions, these genes may
also work in concert to regulate the progression of ESCC
through several shared biological processes. CCND1
regulates the cell cycle by promoting progression from
the G1 to S phase [68]. Silencing of ANKRDI12 cir-
cRNA, which was derived from Exon 2 and Exon 8 of the
ANKRD12 gene, can reduce cell proliferation, induce cell
death, and downregulate CCD1 expression [69]. JUP dys-
regulation can also impact cell cycle progression through
MYC signaling pathway activation [70]. In addition, JUP
and PKP1 directly interact within the desmosome com-
plex and participate in shared pathways related to desmo-
some assembly, Hippo signaling, and cell adhesion [71,
72]. These shared processes highlight the potential inter-
play between these genes in driving ESCC progression.

In this study, we combined the advantages of scRNA-
seq, bulk RNA-seq to identify and validate the gene
prognostic gene model for ESCC. The cell type compo-
sitions and gene expression heterogeneity were also con-
sidered. The prognostic effects of the risk model were
independent of eight clinical features including tumor
stage, tumor grade, age, sex, tumor location, tobacco-use,
alcohol-use, and adjuvant therapy. The gene prognostic
effects and dysregulations were validated at total protein
level and phosphorylated protein level. We also investi-
gate the associations of the key genes with anti-cancer
drug sensitivity and their effects in ESCC cell lines. The
positive correlation between PKP1 and EGFR expres-
sions and the significant correlations of PKP1 expression
with other gene effect scores were also uncovered, indi-
cating the indicator potential of PKP1 expression as gene
therapy indicator in cancerous diseases. The work also
has limitations. First, in this study, all the samples in this
study were from Chinese cohorts and the results need
to be validated in the datasets from other regions and/
or races. Second, the regulations and the interactions of
the genes in ESCC were not clear enough. Further study
is needed to clarify their functions and regulations in
ESCC in the future. Additionally, the significance of liq-
uid biopsy has been confirmed in several studies [73,
74]. Given the ease and feasibility of detecting relevant
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biomarkers in liquid biopsies, it is necessary to examine
the protein expression of the four key genes in the blood
to assess their diagnostic and prognostic value. This will
also be the direction of our future research.

Conclusions

In conclusion, we systematically analyzed the scRNA-seq
and bulk RNA-seq data of ESCC and presented the cell
proportional heterogeneity among the tumor tissues and
their associations with ESCC prognosis. The four-gene
signature was indicated as an independent indicator for
ESCC prognosis and could effectively classify the ESCC
tumors into high- and low-risk groups. The four genes
were dysregulated at the protein and/or phosphorylated
protein level in ESCC. They might serve as new mark-
ers for ESCC prognosis and diagnosis. Their correla-
tions with ESCC grade and anti-cancer drug sensitivity
in ESCC cell lines indicate their potential as therapeutic
targets or biomarkers in ESCC. The positive correlations
between PKP1 and EGFR expression levels suggest their
close association with multiple cancers. Additionally,
PKP1 expression is correlated with the gene effect scores
of many genes across various cancers. These genes may
represent potential new targets for gene therapy in multi-
ple cancers, and PKP1 expression could serve as an indi-
cator for targeted gene therapy in these cancers.
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