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Abstract

Esophageal squamous cell carcinoma (ESCC) exhibits substantial molecular heterogeneity and
unfavorable clinical outcomes. Current transcriptomic advances are shifting the focus from static gene
expression profiles to the dynamic architecture of gene interaction networks. However, gene interaction
perturbation signatures specific to ESCC remain poorly understood. This study aimed to develop a
network-informed prognostic index derived from malignant epithelial cell signatures. In-house single-cell
RNA sequencing data from 15 ESCC samples from the First Affiliated Hospital of Zhengzhou University
were analyzed to identify dysregulated genes in malignant squamous epithelial cells. Then, a gene
interaction perturbation network index (GIPNI) was constructed by systematically evaluating 75
combinations of machine-learning methods and validated across 3 independent cohorts. Associations
between the GIPNI and genomic alterations, immune-related characteristics, and therapeutic response
were also evaluated. Results showed ESCCs with high-GIPNI scores were associated with advanced
clinicopathological features and overactivated mitotic cell cycle and epithelial cell differentiation
pathways. Immune profiling suggested that low-GIPNI tumors had a more immune-infiltrated
microenvironment. Notably, high-GIPNI ESCCs were associated with higher sensitivity to some common
chemotherapeutic agents. Overall, the GIPNI provides a network-informed and malignant squamous
cell-oriented framework for prognostic assessment in ESCC. This integrative approach may facilitate risk
stratification and provide insights into individualized therapeutic strategies.

Keywords: esophageal squamous cell carcinoma; gene interaction perturbations; single-cell RNA sequencing; risk stratification;
machine learning

Introduction

Esophageal squamous cell carcinoma (ESCC) is a
major subtype of esophageal cancer and exhibits
particularly high incidence and mortality rates in East
Asia [1, 2]. In terms of pathogenesis, ESCCs have
driver gene mutations such as TP53, TTN, and
NOTCH]1, along with chromosomal instability and an
immunosuppressive tumor microenvironment [3, 4].

Although treatment options for advanced ESCC
include targeted therapy, CAR-T cell therapy, and
immunotherapy, only a subset of patients benefits
from these treatments due to the molecular
heterogeneity [5-8]. Recent studies have advanced the
understanding of ESCC progression and the
identification of therapeutic targets based on
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multi-omics analyses [9-11].

Currently, transcriptomic advances are shifting
the focus from static gene expression profiles to the
dynamic architecture of gene interaction networks
[12-15]. Traditional analytical methods wusually
regarded gene expression as a steady-state snapshot
[13]. However, studies have shown that in normal
tissues, a balanced feedback loop maintains a stable
state, but this balance is broken and replaced by
abnormal and over interconnected pathways [15, 16].
Analyzing the dynamic networks with the hub nodes
can provide a valuable perspective for understanding
the heterogeneity and progression of ESCC. However,
gene interaction perturbation signatures specific to
ESCC remain poorly understood. In addition,
conducting the construction of gene crosstalk
networks within specific cell types is crucial to
enhance their biological interpretability. Compared to
bulk RNA sequencing, single-cell RNA sequencing
(scRNA-seq) can delineate cell type-specific
landscapes in ESCC [17-19]. By analyzing gene
expression patterns in specific cell types, it can
distinguish the signals from malignant squamous
epithelial cells from the background noise of other
components in the tumor microenvironment [20]. This
high-resolution analysis enables the identification of
signaling pathways that are intrinsically driven by
cancer cells, providing a more solid foundation for
discovering potential therapeutic targets [21]. These
technologies provide the basis for investigations of
epithelial gene interaction perturbation signatures in
ESCC.

In this study, we generated scRNA-seq data
from 15 ESCC in-house samples, including tumor,
para-cancerous, and normal tissues to characterize the
dysregulated genes specific to the malignant
squamous epithelial cells. Then, we constructed the
gene interaction perturbation network and employed
multiple machine learning algorithms to establish the
gene interaction perturbation network index (GIPNI).
This index was validated in multi-independent
cohorts for its association with prognosis and other
clinical features. We also identified multi-omics
features, enriched biological pathways, and
differential treatment sensitivities based on GIPNL
Notably, RAP1B, a key gene in the model, may serve
as a robust prognostic biomarker in ESCC.

Martials and Methods

Data collection and preprocessing

In-house single cell sequencing data were
generated from a total of 15 ESCC bio-samples,
including 6 tumor, 6 paratumoral, and 3 normal
tissues  (distant  paratumoral tissues).  The

transcriptomic data in this research comprised
multiple sources. Normal esophageal squamous
epithelial data were downloaded from the GTEx
database (www.gtexportal.org) [22]. Esophageal
squamous cell carcinoma (ESCC) datasets were
obtained from TCGA-ESCC within the TCGA-ESCA
cohort (recognized by clinical information), as well as
GSE53624, GSE53622, GSE104958, and GSE130078.
For cross cancer validation of model genes, head and
neck squamous cell carcinoma (HNSC) data were
obtained  from TCGA-HNSC, E-MTAB-8588,
GSE75638, GSE117973, and GSE65858. Genomic data
for the TCGA-ESCC cohort was acquired through the
TCGADiolinks package from the cancer genome atlas
(TCGA) database.

RNA  expression profiles derived from
next-generation sequencing were transformed into
transcripts per million (TPM) and subjected to log2
transformation. Prior to the development of the
prognostic model, all gene expression values were
standardized using Z-score scaling through the scale()
function in R software to ensure that most expression
levels remained within a range of -2 to 2. For model
construction and validation, each cohort was
processed independently. Specifically, the GSE53624
dataset was regarded as the training set, while all
other cohorts were utilized as independent validation
sets.

Workflow of single-cell RNA sequencing

Single-cell RNA sequencing was applied using a
microfluidic-based workflow. Fresh tissue samples
were collected from the First Affiliated Hospital of
Zhengzhou University and dissociated immediately
into single-cell suspensions. After dissociation, the
cell suspension was filtered with a cell sieve, and the
quality was evaluated to ensure that the cells were
qualified. The cell concentration was subsequently
adjusted to make it suitable for efficient single-cell
capture. The cell suspension was added to the
microfluidic chip, and individual cells were separated
into independent micropores. At this time, magnetic
beads with cell specific barcode and unique molecular
identifier were added. After lysis, the magnetic beads
were recovered, reverse transcription reaction was
performed, and cDNA was amplified. The amplified
products were fragmented and ligated to construct
the sequencing library. Finally, the library preparation
was completed according to the standard process and
sequenced on the [llumina platform.

Single-cell RNA and squamous epithelial
subcluster analysis

In-house single-cell sequencing data was
analyzed by Seurat R package. The followed criteria
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were used to filter the low-quality cells: min features
= 200, max features = 6000, min counts = 500, max
counts = 40000, and max percent mt = 20. After
filtering these cells, gene expression matrixes were
normalized and scaled by default parameters.
Principal component analysis (PCA) was performed
to evaluate the major sources of variation. Harmony
algorithm was used to correct the batch effects. Cell
clustering was conducted with the Louvain method
based on the first 50 principal components.
Low-dimensional representations were generated
using the Uniform Manifold Approximation and
Projection (UMAP) to visualize the overall cellular
landscape. Cell identity was assigned through manual
inspection of canonical marker gene expression. These
marker gene were typically. Squamous epithelial cells
were subsequently isolated from the full dataset and
subjected to an additional round of batch effects
removing and clustering to resolve heterogeneity
within this population. Copy number variation (CNV)
scores for squamous epithelial cells were estimated
using fastCNV, with T cells serving as the reference
population [23]. The malignment squamous epithelial
cells was determined by integrating multiple lines of
evidence, including epithelial marker expression,
cluster-level transcriptional characteristics, and CNV
profiles inferred from single-cell transcriptomic data.

Construction of the squamous epithelial gene
interaction perturbation network

The gene interaction perturbation network was
constructed based on a previously described strategy
[13], with minor adaptations. The high-confidence
STRING interaction network (confidence score: 0.8)
was used as a biologically informed prior knowledge
framework for defining candidate gene-gene
relationships as the previous study [24]. The detailed
result was displayed in Supplementary Table 2. Gene
expression values were converted into relative ranks
within each sample. We used rank-based differences
rather than absolute expression values because rank
information is  generally more robust to
platform-dependent scaling effects, technical noise,
and batch variation across datasets. In addition, the
relative ordering of two interacting genes can capture
changes in gene-gene coordination and may therefore
better reflect perturbation of biological interactions in
a sample-specific manner [25]. For gene pairs which
were included in the background gene interaction
perturbation network, rank differences between the
two genes were calculated separately for each sample.
These differences were used as a simple
representation of the relative expression relationship
between interacting genes. Because gene interactions
tend to remain stable under normal physiological

conditions, a reference pattern was generated using
rank differences derived from genes ordered by their
average expression levels in normal samples. In this
step, normal esophageal squamous epithelial samples
from the GTEx database were regarded as the
reference dataset. For each sample, deviations from
the reference rank-difference pattern were calculated
and treated as indicators of interaction perturbation.
These values were assembled into an edge-level
perturbation matrix, which captured sample-specific
changes in gene interactions while keeping the overall
network structure unchanged. This matrix was
subsequently used to assess the extent of interaction
dysregulation across esophageal squamous cell
carcinoma samples in comparison with the normal
reference.

Development of gene interaction perturbation
network index

The gene interaction perturbation network index
(GIPNI) was developed to assess the prognostic
relevance of gene interaction perturbation network
genes using a multi-step modeling strategy, according
to a previous study [26]. Firstly, the genes were
calculated the meta-p values of GSE53624 and
TCGA-ESCC cohorts based on univariate Cox p
values of the two individual cohorts. Then, we
adopted a two-stage strategy for machine-learning
model construction. In the first stage, feature selection
was performed using multiple algorithms, including
StepCox, LASSO (Least Absolute Shrinkage and
Selection Operator), random survival forest (RSF),
and CoxBoost, to minimize the number of variables
entering the final model and thereby reduce the risk
of overfitting. In the second stage, the variables
retained by each feature-selection method were
subsequently entered into a panel of survival-learning
algorithms, including StepCox, LASSO, RSF, elastic
net (Enet), gradient boosting machine (GBM), partial
least squares regression for Cox models (plsRcox),
Ridge,  survival  support  vector = machine
(survivalSVM), and SuperPC, to identify the optimal
model. For example, a StepCox model constructed
using variables preselected by RSF was denoted as
“RSF + StepCox.” In addition, models using the same
algorithm for both feature selection and model
construction were also evaluated. Model performance
was assessed using Harrell's concordance index
(C-index) across all cohorts, including both the
training and validation sets.

Weighted gene correlation network analysis

Weighted gene correlation network analysis was
applied to explore gene modules related to the gene
interaction perturbation network index (GIPNI). The
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analysis was carried out following standard WGCNA
procedures, starting with the selection of a
soft-thresholding power that allowed the network to
approximate a scale-free topology. This parameter
was chosen empirically based on the overall network
behavior rather than on a fixed cutoff. Pairwise
correlations between genes were calculated and
converted into a weighted adjacency matrix. This
matrix was further processed to generate a topological
overlap matrix for calculating the similarity of
connection patterns among genes. To evaluate the
relationship between gene modules and the
phenotype, module eigengenes were correlated with
GIPNI values. Modules showing relatively stronger
correlations with GIPNI were retained and used for
subsequent functional analyses.

Functional enrichment, pathway activation,
and immune infiltration evaluation

Metascape online platform
(https:/ /metascape.org/) was used to investigate the
enriched pathways of the genes. This analysis
integrated multiple comprehensive gene sets,
including Gene Ontology, KEGG, and Reactome, etc.
The quantification of pathway activation and the 28
kinds of immune cells were performed using the
ssGSEA algorithm. Specifically, the pathway and the
marker genes were defined by MsigDB database
(www.gsea-msigdb.org) [27]. The relationship
between the quantified pathway activation scores and
the GIPNI were evaluated through Spearman
correlation analysis.

Therapeutic response prediction

For predict half-maximal inhibitory
concentration (IC50) values of common drugs, the
oncoPredict R package was applied in the included
ESCC cohorts [28]. Immunotherapy clinical responses
were evaluated by the Tumor Immune Dysfunction
and Exclusion (TIDE) algorithm, which could be
accessed at the online website
(https:/ /tide.dfci.harvard.edu/) [29].

Performance evaluation of GIPNI and
nomogram development

Harrell’s concordance index was calculated for
each dataset with functions provided in the pec
package. To examine predictive accuracy over time in
both internal and external cohorts, time-dependent
area under the curve (AUC) analyses were performed
by timeROC R package. Corresponding 95%
confidence intervals were obtained through the
built-in confidence interval procedures. Nomograms
were constructed to visualize the predictive model,
together with calibration plots to assess agreement

between predicted and observed outcomes. These
analyses were performed by the regplot and rms R
packages. In addition, the clinical utility of the GIPNI
was explored by decision curve analysis based on the
ggDCA package.

Statistical methodology

All statistical analyses were based on R software
(version 4.2.3). Comparisons between two groups
were performed using the limma package, the

Wilcoxon rank-sum test, or Student’s t test based on

the respective datasets. For survival analysis, the
cutoff values for GIPNI and selected genes were
calculated according to the Log-rank test results
provided by the survminer package. A two-sided
p-value below 0.05 was considered statistically
significant. For multiple comparisons, p-values were
adjusted by the Benjamini-Hochberg method.

Results

Single-cell transcriptomic landscape of ESCC
and identification of malignant epithelial cells

The flowchart of this study was displayed in Fig.
1. We collected 15 samples from the First Affiliated
Hospital of Zhengzhou University, comprising 6
tumor tissues, 6 paratumoral tissues, and 3 normal
tissues for single-cell RNA sequencing. After
sequencing, the data was processed using the Seurat
package. Quality control results were displayed in
Supplementary  Fig. 1A-D. Finally, 224,063
high-quality cells were remained to characterize the
single cell landscape of the esophageal squamous cell
carcinoma (ESCC). Then, we performed unsupervised
clustering and UMAP visualization on the scRNA-seq
dataset. As shown in Fig. 2A, we identified 13 distinct
cell types, including squamous epithelial cells (SEC),
T cells, CAFs, macrophages, endothelial cells (EC),
mast cells, neutrophils, plasma cells, pericytes, B cells,
differentiated SEC, glandular epithelial cells (GEC),
and plasmacytoid dendritic cells (pDC). The defined
cell clusters were marked by the typical cell markers
(Fig. 2B and 2C), such as KRT5 and CRCT1 for SECs,
ACTA2 for CAFs, CCDC80 for pericytes, CD2 for T
cells, ECSCR for ECs, KIT for mast cells, and TYROBP
for macrophages. Additional markers are visualized
in Supplementary Fig. 2.

To further explore the heterogeneity squamous
epithelial cells, the SEC and differentiated SEC
population were selected and reclustered into 8
subpopulations (Fig. 2D). We then used the fastCNV
algorithm to distinguish malignant squamous
epithelial cells from the normal epithelial cells by
estimating the large-scale chromosomal copy number
variations (CNV) [23]. As displayed in Fig. 2E and 2F,

https://www.jcancer.org



Journal of Cancer 2026, Vol. 17

909

cluster 5 exhibited the highest CNV scores compared
to other sub-clusters and cluster 4 showed the lowest
CNV scores. Then as described in Fig. 2H, we
performed single-cell level differentially analysis
between cluster 5 and cluster 4 (Fig. 2G) with a
threshold of |Log 2FC| > 0.25 and Adj.p < 0.05.
These differential expression genes (DEGs) at
single-cell level were then cross-validated with bulk

transcriptomic data from the GSE53624 dataset
(|Log 2FC| > 0.5 and Adj.p < 0.05). In total, 916
SEC-specific =~ DEGs that were consistently
dysregulated at both single-cell and
bulk-transcriptome levels were identified by this
integrative approach (Fig. 2H). The gene list is
provided in Supplementary Table 1.
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Figure 2. Single-cell transcriptomic profiling and identification of malignant epithelial cell subpopulations in ESCC. (A) UMAP visualization of 13 major cell lineages identified from
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showing the differentially expressed genes (DEGs) between the malignant SEC5 and SEC4 clusters. (H) Schematic flowchart of the integrative strategy used to identify robust

SEC-specific DEGs.
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Establishment of the gene interaction
perturbation network and the molecular
subtypes in ESCC

To further investigate the functional interplay
among the previously identified 916 DEGs, we
constructed a protein-protein interaction (PPI)
network to reflect the gene interaction perturbations
by performing String analysis (Fig. 3A) [30]. This
network comprised 914 nodes and 2,815 edges, with
an average node degree of 6.16 (Supplementary Table
2). We first integrated normal esophageal squamous
epithelial tissue data from the GTEx cohort and
esophageal squamous cell carcinoma data from the
TCGA-ESCC cohort. The PCA results of merged
cohort were displayed in Supplementary Fig. 3A-3B.
Then, as the method described by previous study [13],
we established a robust benchmark for edge
perturbation based on normal tissues (Fig. 1). Then,
we calculated the edge perturbation matrix for normal
and tumor tissues. As shown in Fig. 3B, tumor tissues
displayed significantly higher levels of network
perturbation compared to the normal tissues (p <
0.0001). The randomly selected specific interaction
edges to visualize the divergence, result
demonstrated a significant distinction, which
suggested the edge perturbation matrix was well
constructed (Fig. 3C).

To investigate the molecular features of these
network dynamics, we performed the consensus
clustering by the edge perturbation matrix via the
ConsensusClusterPlus package [31]. The consensus
matrix and cumulative distribution function (CDF)
curves indicated that three was the optimal number of
clusters (Fig. 3E and 3F). Survival analysis revealed
significant prognostic heterogeneity among these
subgroups (p = 0.015). Among them, Cluster 3
exhibited the most favorable survival outcomes, while
Cluster 2 was associated with the poorest prognosis
(Fig. 3G). Functional pathway enrichment results
showed the divergent biological mechanisms driving
these subtypes. Of which, Cluster 1 was enriched in
cornified envelope formation, matrisome-associated
factors, and antimicrobial humoral responses
pathways (Fig. 3H). Cluster 3 showed distinct
enrichment  biological processing in sensory
perception, linoleic acid metabolism, and ion
transmembrane transport (Fig. 3I).

Development and validation of the gene
interaction perturbation network index
(GIPNI) in ESCC

To further enhance the clinical applications and
interpretability of the constructed gene interaction
perturbation network, we identified the interaction

edges that were significantly dysregulated between
the tumor and normal tissues. Then, we extracted the
edge-related node genes (Supplementary Table 1).
These genes were regarded as represented not only
the dysregulated expression both in the single-cell
and bulk levels but also the intrinsic characteristics of
the gene interaction perturbation network. Then, we
integrated the prognostic data from the TCGA-ESCC
and GSE53624 datasets and further selected 40
survival-related genes, which were significantly
associated with OS (Supplementary Table 3). The
whole workflow was shown in Fig. 1. After that, the
prognosis genes were generated into a machine
learning framework which had 75 algorithm
combinations including Stepwise Cox, Lasso, plsRcox,
GBM, Enet, survivalSVM, SuperPC, CoxBoost, Ridge,
and Random Survival Forest. Results showed the
Stepwise Cox-based models exhibited the best
performance across the training and validation
cohorts. Specifically, the StepCox model achieved a
C-index exceeding 0.77 in the training set (GSE53624),
while maintaining C-indices of 0.65 in TCGA-ESCC
and 0.59 in GSE53622. The final model, termed the
Gene Interaction Perturbation Network Index
(GIPNI), demonstrated robust predictive accuracy
and generalizability with a mean C-index of 0.67
across all cohorts.

GIPNI was consisted of 11 genes including
SPRR2A, SPRR2B, SPRR2E, SEC11A, PPFIA1, CROT,
RAP1B, HPRT1, MRPL41, S100A7, and SNRPD2. The
coefficients of these genes are displayed in Fig. 4B.
Then, we performed the Kaplan-Meier analysis to
evaluate the risk stratification ability in ESCC. Results
showed the high-risk patients had the worse
prognosis in TCGA and GSE53624 cohorts (Fig. 4C
and 4D; all p values < 0.0001). The area under the
curve (AUC) values were 0.82 at 1 year, 0.85 at 3 years,
and 0.86 at 5 years OS in the GSE53624 cohort (Fig.
4E). Then, we used heatmap for visualization of the
GIPNI score patient status. Results demonstrated that
increased GIPNI scores were positively correlated
with higher mortality rates and more advanced
clinical stages, respectively in the GSE53624 (Fig. 4F)
and TCGA (Fig. 4G) cohort.

Clinical associations and independent
prognostic value of the GIPNI

We analyzed the associations of GIPNI and
various clinical pathological features. In the
TCGA-ESCC cohort, the high-GIPNI ESCCs had a
higher proportion of clinical stages III-IV compared
to the low- GIPNI ESCCs (Fig. 5A). Patients with
lymph node metastasis (non-N0) or distant metastasis
(non-MO) tended to have higher GIPNI scores, but the
difference in pathologic T-stage was smaller (Fig. 5A).
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Similar clinical associations were observed in the
GSEb53624 cohort. GIPNI scores were significantly
higher in patients with advanced N-stages (N2-N3)
and in patients who died, showing its link to tumor
aggressiveness (Fig. 5B). In contrast, no significant

A

consensus matrix k=3 consensus CDF

difference  was found between GIPNI and
demographic or lifestyle factors, including sex,
tobacco use, alcohol use, and age (P > 0.05)
(Supplementary Fig. 4A-E).
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Figure 3. Construction of gene interaction perturbation network and molecular subtype stratification in ESCC. (A) Protein-protein interaction (PPI) network of
malignant-associated DEGs. (B—C) Violin plot and scatter plot showing the distribution of the gene crosstalk perturbation mean (log_2) in tumor versus normal tissues, indicating
significantly higher network instability in malignant samples. (E-F) Consensus clustering analysis of ESCC samples. The consensus matrix (E) and CDF curves (F) identified three

stable molecular clusters (k = 3). (G) Kaplan-Meier curves demonstrating significantly differ

ent OS among the three identified molecular subtypes (p = 0.015). (H-I) Enrichment

analysis of subtype-specific pathways. Bar plots represent the top enriched biological processes and signaling pathways for Cluster | (H) and Cluster 3 (1), respectively.
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Figure 4. Construction and multi-cohort validation of the gene interaction perturbation network index (GIPNI) in ESCC. (A) Performance comparison of various machine
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To determine whether the GIPNI was an
independent prognostic index, we performed
univariate and multivariate Cox regression analyses.
Results indicated that the GIPNI was significantly
associated with overall survival by univariate analysis
(Hazard Ratio [HR] = 2.72, 95% CI: 2.15-343, p <
0.001) (Fig. 5C). By adjusting for other ESCCs clinical
variables including age and pathologic stage,
multivariate Cox analysis confirmed that the GIPNI
was the only independent predictor indicating the
poor prognosis (HR = 2.66, 95% CI: 2.09-3.38, p <
0.001) (Fig. 5D). For clinical application, we integrated
the GIPNI with important clinical factors to construct
a comprehensive nomogram (Fig. 5E). The calibration
curves of different survival periods indicated the
model's high reliability (Fig. 5F). Finally, to evaluate
the model’s clinical net benefit, we performed the
decision curve analysis (DCA). Notably, while the
combined nomogram showed the highest benefit, the
GIPNI alone demonstrated a predictive power
comparable to the integrated model and significantly
outperformed individual clinical features including
TNM stage (Fig. 5G).

Genomic alteration landscape of GIPNI
subgroups

We analyzed somatic mutations and copy
number variations (CNV) in the TCGA-ESCC cohort
to investigate the genomic alterations of the GIPNL
Results revealed that TP53, TTN, KMT2D, and
NOTCH1 were among the most frequently mutated
genes in all samples (Fig. 6A). By comparing the
mutational frequencies between the two GIPNI
groups, we calculated the top 20 genes with the most
significant deviations (Fig. 6B). High-GIPNI patients
showed a markedly higher prevalence of gene
mutations such as DST, SYNJ1, RICTOR, and CREBBP
compared to the low-GIPNI group (Fig. 6B, 6D). The
separate oncoplots (waterfall plots) for the two groups
are presented in Supplementary Fig. 5A-B, while the
genes which had the most significant differences of
mutation  frequency are summarized in
Supplementary Fig. 5C. Besides, the summary of
mutation in high- and low- GIPNI was displayed in
Fig. 6C and 6D. Although the overall tumor
mutational burden (TMB) showed no statistical
difference (Fig. 6E), the low-GIPNI group exhibited a
higher trend in CNV gain (Fig. 6F; P = 0.056) and a
significantly higher frequency of amplification events
(Fig. 6H; P = 0.036). No significant differences were
exhibited in different GIPNI groups regarding CNV
loss or deep deletion (Fig. 6F and Fig. 6I).

Integrative analysis of GIPNI-Associated
biological pathways and functional modules via
WGCNA

To further elucidate the biological mechanisms
by which the gene interaction perturbation network
index (GIPNI) modulates ESCC progression, we first
employed the ssGSEA algorithm to quantify the
activity of biological pathways across the
TCGA-ESCC cohort. Fig. 7A showed the GOBP (GO
biological  processes) pathways which were
significantly associated to the GIPNI. High GIPNI
scores were significant positively correlated with the
positive regulation of humoral immune response, cell
morphogenesis, and neuron migration pathways. The
negative correlation pathways including
keratinization and epithelial cell differentiation which
were essential for maintaining epithelial homeostasis
(Fig. 7A). In support of this notion, a recent study
demonstrated that ESCCs with an activated epithelial
keratinization program exhibited a more favorable
prognosis [10].

To identify the GIPNI related gene modules, the
weighted gene co-expression network analysis
(WGCNA) was performed in GSE53624 cohort. The
hierarchical clustering of samples after outlier
removal was shown in Supplementary Fig. 6A. The
selection of the soft-thresholding power was
visualized in Supplementary Fig. 6B-C. All genes
were clustered into distinct co-expression modules,
which were displayed in the dendrogram (Fig. 7B).
We then constructed a module-trait relationship
heatmap to correlate the module genes with clinical
characteristics and GIPNI (Fig. 7C). Among them, the
Salmon module showed the most significant positive
correlation with the GIPNI (r = 0.58, p = 1e-08), while
the yellow module displayed a robust negative
correlation (r = -0.52, p = 2e-07). Scatter plots showed
the module membership (MM) versus gene
significance (GS) (Supplementary Fig. 6D-E).
Interestingly, the two related modules also exhibited
consistent correlation trends with clinical features
such as stage and survival status, suggesting their
roles in the malignant progression of ESCC (Fig. 7C).
To analyze the biological pathways of genes within
the two modules, we performed functional
enrichment analysis by Metascape [32]. The salmon
module genes were significantly enriched in organelle
assembly, positive regulation of humoral immunity,
mitophagy, and cell morphogenesis pathways (Fig.
7D). The yellow module genes functioned in
pathways including keratinization, establishment of
the skin barrier, arachidonic acid metabolism, and
steroid hormone biosynthesis (Fig. 7E). Above results
demonstrated that the GIPNI served as a
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comprehensive indicator of the molecular features in
ESCC. Mechanistically, an increased GIPNI score was
associated with the loss of epithelial differentiation
features and the acquisition of immune remodeling
and invasive phenotypes, which may partly explain
the poorer prognosis observed in ESCC patients with
high GIPNI.

Application of GIPNI in predicting
immunotherapy response and
chemotherapeutic sensitivity

To evaluate the clinical application of treatment

response based on GIPNI, we investigated its
association with immunotherapy response by TIDE
algorithm [29]. Compared to those in the high-GIPNI
ESCCs, the low-GIPNI ESCCs exhibited significantly
lower TIDE scores (Fig. 8A; p = 0.010), which
indicated a higher immune checkpoint inhibitors
response. This result was further supported by the
T-cell dysfunction and exclusion scores (Fig. 8B and
8C). Thus, we regarded high-GIPNI ESCC as a "cold"
or immune-evasive microenvironment compared to
the low-GIPNI ESCC. To validate these results, we
performed immune infiltration analysis including 28
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kinds of immune cell types. Consistent with the TIDE
predictions, we observed the significant immune cell
infiltration ~differences in two GIPNI groups.
Specifically, the low-GIPNI ESCC  showed
significantly higher infiltration of monocytes (Fig. 8D;
p = 0.0047), activated B cells (Fig. 8E; p = 0.0338), and
activated dendritic cell (Fig. 8F; p = 0.071). Among
these immune components, dendritic cell (DC)
activation is essential for the initiation of adaptive
immune responses. Previous studies have suggested
that impaired or exhausted DCs constitute an
important contributor to immune evasion in ESCC [4].
Other immune cell infiltration results were provided
in Supplementary Fig. 7. All above results showed the
antigen presentation and anti-tumor immune
response were more active, which indicated the more
sensitivity to immunotherapy in low-GIPNI ESCC.

For exploration of available drugs in high-GIPNI
ESCC, we predicted the half-maximal inhibitory
concentration (IC50) for common FDA-approved
drugs including conventional and targeted
chemotherapeutic agents based on the oncoPredict R
package in GSE53624 cohort. Among these available
drugs, high-GIPNI ESCC showed more sensitivity to
taxanes including docetaxel (Fig. 8K and 8L; p < 0.05),
and vinca alkaloids such as vinblastine (Fig. 8G; p =
0.0416). In clinical practice, docetaxel was applied for
advanced ESCC, which was often wused in
combination with cisplatin or as a second-line
monotherapy. Furthermore, high-GIPNI patients
showed more sensitivity to dactinomycin (Fig. 8H; p =
0.0256), Egb inhibitors (Fig. 8L, p = 0.012), and
luminespib (Fig. 8M; p = 0.0388). Of which,
luminespib was an HSP90 inhibitor. HSP90 family
genes were widespread significantly overexpressed in
tumor tissues in almost all validated ESCC cohorts
(Supplementary Fig. 8), similar to previous studies
[33, 34]. These results provided therapeutic directions
for high-GIPNI ESCC. In summary, the low-GIPNI
ESCC was ideally suited for immunotherapy, and the
high-GIPNI ESCC might derive significant clinical
benefit from personalized chemotherapy.

Multi-omics characterization and external
validation of the model genes

To further investigate the potential drug targets
of GIPNI model genes, we performed a systematic
validation of each gene. Results showed that nearly all
identified genes were significantly dysregulated
across multiple independent ESCC  cohorts
(Supplementary Fig 9). Of which, RAP1B, a member
of the Ras related protein family known to regulate
cell adhesion and migration as well as integrin
mediated signaling, was prioritized for detailed
characterization due to its important role in tumor

progression [35]. In ESCC, RAP1B was significantly
upregulated in ESCC tumor tissues across several
independent  datasets, including ~ GSE104958,
GSE130078,  GSE53622,  GSE53624, and  the
TCGA-ESCA cohort (Fig. 9A-E). Survival analysis
further showed that high RAP1B expression leaded to
the worse overall survival (OS), disease-free survival
(DFS), and disease-specific survival (DSS) in ESCC
patients (Fig. 9F-I). Then, we used survival datasets
from HNSC, another kind of squamous cell
carcinomas, to evaluate the prediction ability of
RAP1B. Interestingly, in HNSC cohorts including
GSE75538 and E-MTAB-8588, RAP1B was similarly
overexpressed in malignant tissues (Fig. 9J-L) and
served as a robust predictor of poor clinical outcomes
(Fig. IM-Q).

We then performed multi-omics analyses to
investigate the RAPIB molecular mechanisms.
Functional enrichment results showed RAP1B-related

genes were enriched in intracellular signal
transduction, cell communication, and amide
biosynthetic  processes  (Fig. 10A). As for

tumor-hallmark pathways, GSEA-Hallmark results
showed that RAP1B was associated with hypoxia,
epithelial mesenchymal transition, and TNF-alpha
signaling via NF-kappa B (Fig. 10C). Genomic
analysis showed RAPI1B expression was associated
with copy number gains at 12q15 and 18q11.2 and
chromosomal loss at 3q11.1 (Fig 10B). Finally, we
explored the therapeutic implications of RAP1B
expression by predicting drug sensitivity (IC50).
Results displayed several compounds with significant
correlations between their estimated IC50 values and
RAP1B expression levels (Fig. 10D), which might
improve the treatment of high-RAP1B ESCCs.

Discussion

Esophageal cancer presents high incidence and
mortality rates worldwide, with squamous cell
carcinoma being its primary histological form [2, 36,
37]. Studying this tumor systematically across
different levels can help clinicians evaluate patient
prognosis and determine suitable treatments [11,
38-40]. Using gene interaction network information
may provide new insights into esophageal cancer,
compared to static analysis of individual molecules
[13]. In this study, we developed a prognostic index
for ESCC termed as gene interaction perturbation
network index (GIPNI) by integrating malignant
epithelial cell specific transcriptomic features with
gene interaction perturbation network analysis. This
strategy enabled robust risk stratification across
multiple independent cohorts and demonstrated
favorable prognostic performance compared with
traditional TNM stage [37].

https://www.jcancer.org



Journal of Cancer 2026, Vol. 17

918

M GIPNI

‘ "I |

Group
POSITIVE_REGULATION_OF_HUMORAL_IMMUNE_RESPONSE
_MEDIATED_BY_CIRCULATING_IMMUNOGLOBULIN
POSITIVE_REGULATION_OF_HUMORAL_IMMUNE_RESPONSE
GLYCEROLIPID_CATABOLIC_PROCESS

| GNUCLEOBASE_TRANSPORT

‘ ‘CELLULARiRESPONSEjOJRSEN\CJZONTA\NINGisUBSTANCE
RESPONSE_TO_ARSENIC_CONTAINING_SUBSTANCE

‘ || ‘ SMOOTH_MUSCLE_ADAPTATION

‘ ERYTHROCYTE_DEVELOPMENT
SYNAPTIC_TRANSMISSION_CHOLINERGIC

AN
| ] ‘ POSITIVE_REGULATION_OF_VASCULAR_PERMEABILITY

FUCOSE_CATABOLIC_PROCESS
FUCOSE_METABOLIC_PROCESS

[ FUCOSYLATION
G_PROTEIN_COUPLED_PURINERGIC_RECEPTOR_SIGNALING_PATHWAY
POSITIVE_REGULATION_OF_PROTEIN_KINASE_C_SIGNALING
NEGATIVE_REGULATION_OF_DIGESTIVE_SYSTEM_PROCESS
EPITHELIAL_CELL_DIFFERENTIATION

| KERATINIZATION
ADENOHYPOPHYSIS_DEVELOPMENT
ALANINE_CATABOLIC_PROCESS
NEGATIVE_REGULATION_OF TRANSMISSION_OF_NERVE_IMPULSE
‘ PHOSPHATIDYLETHANOLAMINE_ACYL_CHAIN_REMODELING
ICOSANOID_SECRETION

ICOSANOID_TRANSPORT ? G"’;"
CELLULAR_RESPONSE_TO_CALCIUM_ON
CELLULAR_HORMONE_METABOLIC_PROCESS
OLEFINIC_COMPOUND_METABOLIC_PROCESS e
ICOSANOID_METABOLIC_PROCESS Group
ARACHIDONIC_ACID_METABOLIC_PROCESS -1 . :Tguh

COCHLEA_MORPHOGENESIS

| STEROID_HORMONE_BIOSYNTHETIC_PROCESS -,
C21_STEROID_HORMONE_METABOLIC_PROCESS

| C21_STEROID_HORMONE_BIOSYNTHETIC_PROCESS
MITOTIC_SISTER_CHROMATID_COHESION
REGULATION_OF_MAINTENANCE_OF_SISTER_CHROMATID_COHESION
ORNITHINE_TRANSPORT
MRNA_CIS_SPLICING_VIA_SPLICEOSOME
SMOOTHENED_SIGNALING_PATHWAY
PROTEIN_LOCALIZATION_TO_CILIUM
REGULATION_OF_PROTEIN_LOCALIZATION_TO_CILIUM
NEGATIVE_REGULATION_OF_UBIQUITIN_PROTEIN_TRANSFERASE_ACTIVITY
REGULATION_OF_UBIQUITIN_PROTEIN_LIGASE_ACTIVITY
NEGATIVE_REGULATION_OF_UBIQUITIN_PROTEIN_LIGASE_ACTIVITY
MEMBRANE_DOCKING
CELL_PROJECTION_ASSEMBLY
ORGANELLE_ASSEMBLY
CILIUM_ORGANIZATION
MAINTENANCE_OF_PROTEIN_LOCATION_IN_NUCLEUS
PROTEIN_POLYUBIQUITINATION
CELLULAR_MACROMOLECULE_CATABOLIC_PROCESS
MACROMOLECULE_CATABOLIC_PROCESS
MODIFICATION_DEPENDENT_MACROMOLECULE_CATABOLIC_PROCESS
PROTEASOMAL_PROTEIN_CATABOLIC_PROCESS
REGULATION_OF_ORGANELLE_ORGANIZATION
NEGATIVE_REGULATION_OF_ORGANELLE_ORGANIZATION
POSITIVE_REGULATION_OF_SPINDLE_CHECKPOINT
REPLICATION_FORK_PROCESSING
GOBP_DNA_DEPENDENT_DNA_REPLICATION_MAINTENANCE_OF_FIDELITY
CENTROSOME_DUPLICATION

CENTRIOLE_ASSEMBLY

NEGATIVE_REGULATION_OF_DOUBLE_STRAND_BREAK_REPAIR_
VIA_NONHOMOLOGOUS_END_JOINING

POSITIVE_REGULATION_OF_PODOSOME_ASSEMBLY

RETROGRADE_VESICLE_MEDIATED_TRANSPORT_
GOLGI_TO_ENDOPLASMIC_RETICULUM

GLOMERULAR_VISCERAL_EPITHELIAL_CELL_MIGRATION
RESPONSE_TO_GONADOTROPIN_RELEASING_HORMONE
CARDIAC_MUSCLE_MYOBLAST_PROLIFERATION

NEURON_PROJECTION_ORGANIZATION

POSITIVE_REGULATION_OF_CELL_MORPHOGENESIS_
INVOLVED_IN_DIFFERENTIATION

REGULATION_OF_CELL_MORPHOGENESIS_INVOLVED_IN_DIFFERENTIATION

TRANSMEMBRANE_RECEPTOR_PROTEIN_TYROSINE_
PHOSPHATASE_SIGNALING_PATHWAY

POSITIVE_REGULATION_OF_NEURON_MIGRATION
POSITIVE_REGULATION_OF_HISTONE_H3_K27_METHYLATION
REGULATION_OF_CYTOPLASMIC_MRNA_PROCESSING_BODY_ASSEMBLY
POSITIVE_REGULATION_OF_CYTOPLASMIC_VMIRNA_PROCESSING_BODY_ASSEMBLY
REGULATION_OF_ORGANELLE_ASSEMBLY
POSITIVE_REGULATION_OF_ORGANELLE_ASSEMBLY

MITOPHAGY

PARKIN_MEDIATED_STIMULATION_OF_MITOPHAGY_IN_
RESPONSE_TO_MITOCHONDRIAL_DEPOLARIZATION

PROTEIN_LOCALIZATION_TO_ENDOPLASMIC_RETICULUM_EXIT_SITE
CLATHRIN_DEPENDENT_ENDOCYTOSIS

Height

Cluster Dendrogram

Module-trait relationships GSE53624

-0.11
(0.2)
-0.23
0.01)
0043
(06)
0.055
06)
-0.071
(0.4)
-0049
(06)
0048
(06)
019
(0.05)
-0.006
(0.9)
0,0066
(0.9)
012
(02)
019
(0.04)

0.077
(0.4)

-0.11
(02

-0.047
(06)

=0iR
©02)

-0.012
0.9)

0.051
(08)

016
0.09)
0417
(0.07)
0082
0.4
-003
7
-0037
07)
-0.061
(0.5)
0.069
(05)

0.04
0.7)

-0.043 0041 012 -0031 011 -0.019

0019 0048 0039 -0017 0036 -0.025

-016 -015 014 025 -0018 0.2

-018 -018 -0.084 025 012 024

018 006 -0.033 -0.0054 -0.14
(008 (©5 (©7) (D 0.1

0073 | 048 01 012 -023
(0.4) (6e-08) (0.3) (02) (0.01)
(07 (02 (07) (02 (08

(08 (07 (09) (07 (0.8

0059 00068 -0032 -007 -0.076 &
(05 (09 (©7) (05 (04)
0046 -0.050 -0037 -014 -0.063
(0.09) (08 (05 (07) (01) (0.5)
0048 0035 0035 -0.061 0034 -
(0.06) (08 (07) (07) (08) (0.7)
-0.14 -0.018 =031 003 005 014
(08) (7e-04) (0.8) (06) (0.1)
-014 -0014 0091 00043 0058 -
(1) (09 (03 (1 (0.5) <

-0.044 -0.0022 -0.017 -0.056 0.0023
(08 () (©9 (08 (1

(01) (01 (0006) (08  (0.2)

(006) (0.4) (0.006) (02) (0.009)

06

@
sl

-0.26 0.034 =021 -0.056 0.18 0.
©004) (07) (002 (05 (004 (06)
& @ & Q@ @
Q,z;\\" <$‘®b & 6@9 &
S YRR VA
SV K

Mepithelial cell differentiation
Morganelle fission
M hemopoiesis
M cellular response to transforming growth factor beta s
I SAGA complex, GCN5-linked
mitotic cell cycle process
Mresponse to glucocorticoid
embryonic morphogenesis
M endothelial cell development
branching involved in mammary gland duct morphog:
Phospholipid metabolism
Gastric cancer network 1
ion of ct ization
RNA localization
regulation of hormone metabolic process
Class A/1 (Rhodopsin-like receptors)
response to CAMP
regulation of stem cell proliferation
W G alpha (s) signalling events
establishment of protein localization to organelle

M Comified envelope formation
B NABA MATRISOME ASSOCIATED
W Pancreatic cancer subtypes
M Developmental Cell Lineages
Wint diate filament cytoskelet
Vitamin D receptor pathway
M peptide cross-linking
Hair follicle development cytodifferentiation stage 3 o
Miresponse to bacterium
cell-cell adhesion
NABA ECM REGULATORS
primary alcohol metabolic process
establishment of skin barrier
W Epithelial to mesenchymal transition in colorectal can
desmosome organization
Antimicrobial peptides
regulation of MAPK cascade
endothelial cell migration
M cell-cell junction organization
Salmonella infection

Figure 7. Characterization of GIPNI-related biological pathways and functional modules. (A) Heatmap showing the correlation between GIPNI scores and GO biological
processes (BP) analyzed by ssGSEA. (B) Cluster dendrogram of based on WGCNA results. (C) Module-trait relationship heatmap visualizing the correlation between gene
modules and clinical traits (GIPNI score, age, gender, stage, and survival status). (D) Bar plot illustrating the top enriched GO terms for genes in the Salmon module, which is
positively correlated with the GIPNI. (E) Bar plot illustrating the top enriched GO terms for genes in the yellow module, which is negatively correlated with the GIPNI.

https://www.jcancer.org



Journal of Cancer 2026, Vol. 17

919

A

TIDE

B

Dysfunction Exclusion
Wilcoxon * p=0.0101 n=119 Wilcoxon ns p=00816 n=119 Wilcoxon * p=00111 n=119
| B 10 H 1
X4
. Yol I !
05:
& rid
§ 5 GIPNI
we P GIPNI g GIPNI §o
a o B Low S oo B Lov 3 B o
[ s B Hen 2 = & B Hon
.
E *le -1
te - f o b
ale g, .
o
.
= . . -2
+ L0 . LY
Low ngh Low High Low High
Immune cell (GSVA ssGSEA): Monocyte Immune cell (GSVA ssGSEA): Activated B cell Immune cell (GSVA ssGSEA): Activated dendritic cell
Welch ttest ** p=0.00472 n=119 Welch ttest* p=0.0338 n=119 Welch ttest ns p=0.071 n=119
.
.
02 . . 03
04 ° e
! ]
o ¢ 02
0.1
e 2 o o
§ GIPNI § < . GIPNI § GIPNI
g B Low g B Lov g o B o
2 B Hign e B v 2 B i
@ 00 3 H
00;
00
-04
-02; e -01
. t
N D
o . . .
Low Hgh Low High

G

Vinblastine_1004
Wilcox p=0.0416

H

Dactinomycin_1811

Eg5_9814_1712

Low High

Paclitaxel_1080

Wilcox p=0.0256 Wilcox p=0.012 Wilcox p=0.0496
016
009 - . 04
- e 012
2 2 3 e 303
9 Q ' Q 9
0 006 T v v $ °
2 2 — 2 I
g 3 g 008 K
¥ 3 3 -
[ [ [ [ o
003
0.04: 01
0.05
00
Low Low High
Docetaxel 1819 Docetaxel_1007 Luminespib_1559 Staurosporine_1034
Wicox p=0.0224 Wilcox p=0.0439 Wilcox p=0.0388 Wilcox p=0.0187
. 005 o
08 N 015
] 004 .
=) 2 8 8 0
i 8 " i
3 04 0.03 1
3 e : . 3
3 el . 3 3
3 H . g0z ]
T @ 002 [ [
02
005
001 o
00

Low

Figure 8. Evaluation of therapeutic response and immune infiltration across GIPNI risk groups. (A—C) Boxplots comparing TIDE, T-cell dysfunction, and exclusion scores

between high- and low-GIPNI groups. (D—F) Distribution of monocytes (D), activated B cells (E), activated dendritic cell (F) between high- and low-GIPNI groups. (G-N)
Predicted IC50 values results based on oncoPredict.

https://www.jcancer.org



Journal of Cancer 2026, Vol. 17

920

A

B

@)

GSE104958 GSE130078 GSE63622 GSE63624 TCGA_ESCA
4
Wilcoxon, p = 0.012 T-test, p = 0.067 T-test, p= 96-0.7 31 Fogst pre22e 6 Wilcoxon, p = 5.4e-05
L ] l o 1 °
8! o 1 50
2 % v g ! v 2 A T
2 | ] g, g 8
i i i i f
LI L] o L & %+
c
s 51 N H 5 25 ot
@ ® B ]
@ @ 9 @ g L2 2 A
£o g 50 g g
x X X X %
w w o w w w [ ]
] -] & o1 [ o o0
g o E by S o
g | &= E2 . G g
& |
L] =
" 254~ &
& & & $ & $ & $ N §
& & & S G S
& N & & & e %o‘& & § &
Tissue Tissue Tissue Tissue Tissue
TCGA_ESCA TCGA_ESCA TCGA_ESCA GSE53624
1.00 1.00 1.00 .00
@
: :
2 = 5 075
S o 507 3 075 3
a o £ 2
@ = 5 H
2 050 S 050 2 0850 2 050
¥ & 3 3
: P ] g
8 05 Log-rank E 025 Log-rank 6 025 Log-rank 6 025 Log-rank
t p=0027 g p=0038 p=0.026 p=0.00038
a
0.00 0.00 0.00 0.0
o 2 3 1 5 % 0 2 1 3 § o1 2 3 4 5 6 0 1 2 3 4 5 6
Number at risk Number at risk Number at risk Number at risk
@ Highf42 = & = 2= =0= = = &= =0 0 High §-30 3 1 0 0 0 High{a2 — 48 — 4 1 1 0 — @ 0 Hights1 — 85 — 20 — 16~ —14— —12— —9
o o o o
2 lowde0— 3 —13- —4—= =3 — 2= =0 = Lowfteo 33 7 1 0| 3 Lowjio— 85 — 33 —13- —6= =8 — @ 2 Lowjes— 69 — 49 — 39 —36- —35— —38
[ s ol 58 0 LR 6 8 R 2 3 4 5 6 0 1 2 3 4 5 6
Time in years Time in years Time in years Time in years
E_MTAB_8588 GSE75538 TCGA_HNSC
_| _{ ! TCGA_HNSC E_MTAB_8588
64 Wilcoxon, p=0:14 T-test, p=0.11 Wilcoxon, p = 5.7e-15 200 1.00
° 4 e
& =
= o pa— = ! s = 075
O ? ) 8 joe < 075 s
H L e H - H 2
(s ! i i el H a
8 8, o2 g 050 = %%
g 5 5 3 g
8 g i) H ]
@ @ @ a Log-rank 3 Log-rank
@ @ a 025 G025
s, @ 14 H p=0053 p=0.021
s S 5 o a
o] i i
= - @ 0,00 0.00
E E & 0 5 10 15 0 3 6 9 12
2o g - g, ° Number at risk Number at risk
° ol @ Highg 51 4 1 0 0 Highq 32 7 8 6 0
o o
o
_3 2 Lowfs2 Fs 3 1 2 Lowds 5 3t 19 0
> & &> &
o&‘ &Qé‘ é& /\§ 0 5 10 15 2 3 B B 12
. . Time in years Time in years
Tissue Tissue
GSE117973 GSE65858 GSE117973
1.00 1.00 1.00.
H ®
= 2
£ 075 = 075 g 075
o S 3
° £ »
% H 8
0.50, £ 050
g 2 050 &
0 [ a
o Log-rank @ L K 8 Log-rank
@ 025 =2 og-ran| & 025
H = 0 025 =) =
8 p=0.056 p=0011 [ p=0.06
= o
a
0,00, 000 0.00
0 1 2 3 4 5 5 3 ) H 0 1 2 3 4 5
Number at risk Number at risk Number at risk
0 Highde1 5 40 2% 8
: @ Highloao 14 15 5 g High{61 45 34 18 5 o
a o
2 Lowgae — ~16 - —1= — 7 < Lowf 0 . T . 2 Lowdi6— —16= — 18 — 40 7 1
0 1 2 3 4 5
e 0 1 2 3 4 5
Time in years 0 2 4 6 g
Time in years Time in years

Figure 9. Expression and prognostic validation of RAP1B in ESCC and HNSC. (A-E) Expression levels of RAP1B in tumor and normal tissues across various ESCC datasets
(GSE104958, GSE130078, GSE53622, GSE53624, and TCGA-ESCA). (F-I) KM curves displaying the relationship of RAPIB with OS, DFS, and DSS in ESCC cohorts. (J-L)
Validation of RAP1B overexpression in HNSC tumor tissues across independent cohorts (GSE75538, E-MTAB-8588, and TCGA). (M-Q) Survival analysis demonstrating the
prognostic impact of RAPIB on OS and DSS in HNSC patients.
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GSEA-Hallmark pathways enriched in high-RAP1B samples. (D) Correlation between RAP1B expression and predicted drug sensitivity (IC50).

https://www.jcancer.org



Journal of Cancer 2026, Vol. 17

922

In this study, multi-omics data was analyzed to
investigate the biological difference in high- and low-
GINPI ESCCs. At the genomic level, low-GINP
tumors showed low-GIPNI group exhibited a higher
trend in CNV gain and a significantly higher
frequency of amplification events, suggested
extensive differences at the genomic level between the
two groups. Gao et al, reported the CNV events were
strongly associated with the prognosis in ESCC [10].
Functional enrichment analyses indicated that
high-GIPNI ESCC had the overactivated mitotic cell
cycle and the suppressed keratinization together with
the epithelial cell differentiation pathways. Notably,
keratinization has recently been reported to be
associated with a favorable prognosis and reduced
post-chemotherapy recurrence in ESCC [10]. Cell
cycle related pathways could promote the progression
of ESCC, and had shown good effects by blocking cell
cycle related proteins [41, 42]. These pathways were
significantly enriched in different algorithms such as
WGCNA and ssGSEA, revealing the reason of poor
prognosis of high GIPNI ESCC.

Immunotherapy has been used as an important
treatment for ESCC, especially for advanced ESCC.
The latest study showed that the combined therapy of
tiragolumab with atezolizumab and chemotherapy
could significantly improve the antitumor efficacy
compared to patients under chemotherapy regimens
with or without atezolizumab treatments [43].
However, a multicenter study from China reported
that in the ESCC cohort with overall neoadjuvant
chemoimmunotherapy, adjuvant immunotherapy did
not show a survival benefit, but improved the OS of
patients with residual tumors [44]. The above
highlights the key to identify the immune sensitive
population in esophageal cancer. In this study, we
found that low-GINPI ESCC overall presented a
relatively activated immune microenvironment,
including monocytes, DC cells, etc., and TIDE score
also showed the benefits of immunotherapy for this
population. High-GINPI ESCC shows sensitivity to
docetaxe, dactinomycin, paclitaxel, and other
chemotherapeutic drugs, some of which have been
used in clinical practice [45, 46]. In addition,
High-GINPI ESCCS also exhibit sensitivity to HSP90
inhibitors such as luminespib, of which HSP90 is
considered as a highly potential target for ESCCS [46,
471].

The GIPNI consisted of 11 genes, including
SPRR2A, SPRR2B, SEC11A, PPFIA1, CROT, RAP1B,
HPRT1, MRPL41, S100A7, SNRPD2, and SPRR2E.
Some of these genes such as SPRR2A, SPRR2B,
SPRR2E, and S100A7 had been reported in ESCC
[48-51]. Our results showed that the remaining model

genes were also strongly associated with ESCC and
were validated by multiple independent cohorts. Of
which, RAP1B showed sustained high expression in
both ESCC and HNSC cohorts, and had clear
prognostic significance. The results suggested that
RAP1B could serve as a representative biomarker in a
broader  perturbation  network.  Subsequent
enrichment analysis revealed that RAP1B was
associated with pathways such as EMT and hypoxia,
which had been reported in ESCC [52, 53].

This study has several limitations. Firstly, while
the single-cell RNA profile was collected exclusively
from our team, integrating additional large-scale
public scRNA-seq datasets might improve the
identification of SEC dysregulated genes. Secondly,
while immune response and drug sensitivity were
predicted via computational tools, these findings
necessitate further clinical validation to confirm their
actual therapeutic relevance in ESCC patients.
Thirdly, the GIPNI was constructed based on
retrospective datasets and lacked validation in
prospective ESCC cohorts. Finally, additional in vitro
and in vivo experiments should be performed to
further elucidate the biological functions of the genes
included in the GIPNI model.

Conclusion

By integrating in-house single-cell
transcriptomics with gene interaction networks, we
established a robust gene interaction perturbation
network index (GIPNI) for ESCC risk stratification
and treatment selection. The high- and low- GIPNI
ESCCs were had the distinct prognosis, activated
biological ~ pathways, immunotherapy and
chemotherapy response, which could help clinicians
in decision-making.
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