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Abstract

Despite extensive multi-omics studies on squamous cell 
carcinomas (SCCs) across different organs, the shared 
transcriptional regulatory mechanisms that driving SCC remain 
unclear. This study systematically identified common and distinct 
transcriptomic alterations in SCCs, highlighting key genes and 
pathways with prognostic and therapeutic relevance. By integrating 
large-scale gene expression data from SCC tumors and adjacent 
normal tissues, we revealed dysregulated gene expression patterns 
(DGEPs) and quantified their similarity across SCCs through 
correlation and regression analyses. Gene co-expression network 
analysis identified SCC-associated modules and hub genes, whose 
biological and clinical significance was further explored through 
subtype analysis and prognostic modeling. Our findings show that 
SCCs from the head and neck, esophagus, and cervix share highly 
similar DGEPs and regulatory networks, whereas lung and skin SCCs 
exhibit more distinct molecular characteristics. Key processes such 
as epithelial-mesenchymal transition, extracellular matrix 
remodeling, and immune-related pathways were strongly linked to 
SCC prognosis. Moreover, a six-gene prognostic signature (COL1A1, 
MMP1, SERPINE1, KRT6A, IGF2BP3, and SPP1) demonstrated 
robust predictive power for clinical outcomes and therapy response. 
These findings provide insights into SCC progression and potential 
therapeutic targets.

Keywords: squamous cell carcinomas, transcriptome, epithelial-
mesenchymal transition, immunosuppression, survival, drug

Introduction
Squamous cell carcinoma (SCC) is one of the most common types 

of cancer, primarily occurring in the skin, oral cavity, nasopharynx, 
esophagus, lung, and cervix. Epidemiological studies have shown 
that squamous cell carcinomas (SCCs) arising from multiple organ 
sites account for approximately one-fifth of all cancer deaths, with 
the total number exceeding two million1-3. SCCs share some of 
common environmental risk factors, such as smoking, alcohol 
consumption, and HPV infection4-8. Despite originating from 
different organs, SCCs share a same pathological mechanism of 
malignant transformation of squamous epithelial cells, which results 
in similar histological characteristics across these cancers8. With the 
advancement of sequencing technologies, accumulating evidence 
has highlighted significant molecular similarities among SCCs, 
including DNA mutations, DNA methylation, RNA expression, and 
alternative splicing events, and these molecular features are notably 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



distinct when compared to other types of solid tumors8-14.
Several studies have conducted integrative analyses of SCCs 

from DNA mutation, immune-related gene expression to 
proteomics15-17. Campbell et al.15 identified shared DNA mutations 
and methylation features in SCCs by integrating multi-omics data. 
The associated genes primarily regulate squamous cell stemness, 
progression, differentiation, and genome integrity. Based on the 
expression of immune-related genes, Li et al.16 identified six 
reproducible immune subtypes of cross-organ SCCs and 
demonstrated that these immune subtypes can be used to guide the 
prognosis of SCC. By comparing proteomic data from common and 
rare SCCs, Song et al.17 found that lipid metabolism reprogramming 
and the expression of transcription factors (RUNX2, FOXO1) were 
significantly different between these two types of SCC. These studies 
have offered valuable insights into the molecular foundations of SCC 
across various organs, emphasizing the importance of squamous cell 
stemness, immune responses, and lipid metabolism in SCCs. 

However, current analyses of cross-organ SCCs have yet to 
incorporate adjacent normal tissues to explore dysregulated gene 
expression patterns (DGEPs), and a more detailed characterization 
of pan-SCCs gene co-expression network features is still needed. To 
fill this research gap, we utilized a large-scale gene expression data 
from SCC tumor and normal adjacent tissues (NAT) to systematically 
characterize the DGEPs (Tumor vs. Normal) across five common 
types of SCCs, including lung squamous cell carcinoma (LUSC), head 
and neck squamous cell carcinoma (HNSC), esophageal squamous 
cell carcinoma (ESCC), cutaneous squamous cell carcinoma (CSCC), 
and cervical squamous cell carcinoma (CESC). To explore 
commonalities in gene expression regulatory mechanism across 
SCCs associated with tumor progression, we quantified the 
similarities of DGEPs between different SCC types. By constructing 
a gene co-expression network that integrates gene expression data 
from cross-organ SCC tumor and adjacent normal tissues, we were 
able to identify gene co-expression patterns with broad relevance to 
SCC, highlighting hub genes and molecular pathways implicated in 
its pathogenesis. This approach also enabled us to uncover more 
detailed regulatory patterns of gene expression in the development 
of individual SCC, shedding light on their unique molecular 
signatures. By leveraging the hub genes identified in this network, 
we classified cross-organ SCCs into distinct subtypes and explored 
genes and pathways associated with patient survival. Ultimately, the 
prognostic model constructed using survival-associated genes not 
only enabled the differentiation of SCC patients with varying 
prognoses, but also provided insights into the potential sensitivity of 
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patients to chemotherapeutic agents. These findings provide 
valuable insights for the identification of novel therapeutic targets, 
facilitating the development of precision therapies, and hold the 
potential to improve the prognosis and extend the survival of SCC 
patients.

Results

Study design
This study aims to demonstrate the similarity of DGEP in cross-

organ SCCs, revealed shared and distinct transcriptomic alterations, 
and pinpoint key genes and signaling pathways involved. Ultimately, 
this study aims to provide computational evidence linking these 
molecular alterations to clinical outcomes in SCC. The overall study 
design is shown in Figure 1.

We collected gene expression data from both tumor and NAT 
across five major types of SCC, including LUSC, HNSC, ESCC, CSCC, 
and CESC. The gene expression microarray chip data (Table S1) 
were obtained from the Gene Expression Omnibus (GEO) database 
and served as the discovery dataset. RNA sequencing (RNA-seq) 
data (Table S2), downloaded from the European Nucleotide Archive 
(ENA) database, were used as the validation dataset. And, RNA-seq 
data from cancer tissue of SCCs, along with matched clinical 
messages, were retrieved from The Cancer Genome Atlas (TCGA) 
database to investigate clinical relevance.

First, we conducted differential gene expression analysis to 
identify DGEPs across the five types of SCCs. To assess the similarity 
in DGEP between SCCs, we calculated Spearman’s correlation 
coefficient (ρ) based on the log2 fold-change (log2FC) values of the 
overlapped genes18. For better contextualization of the observed 
similarities, we included lung adenocarcinoma (LUAD) and 
esophageal adenocarcinoma (EAC) as controls. To further 
investigate the fine regulation of genes and biological pathways in 
cross-organ SCCs, we constructed a gene co-expression network to 
identify gene modules that are shared across SCCs. Next, we 
investigated the regulatory relationships of gene modules in SCCs, 
identifying the hub genes and pathways involved. And then, based 
on hub genes identified within the modules, we performed subtype 
analysis on SCCs with highly similar DGEPs, highlighting critical 
pathways and genes that may play a pivotal role in the prognosis of 
SCC. Finally, we used the survival-related genes found above to 
construct a prognosis prediction model and further validated its role 
in predicting drug sensitivity.

Squamous cell carcinomas across organs share more similar 
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dysregulated gene expression patterns as contrast to 
adenocarcinoma.

After rigorous preprocessing of individual datasets, we 
combined microarray datasets from the same type of SCC and 
corrected for batch effects (Figure S1). To investigate whether 
SCCs from different organ site exhibit similar DGEPs, we first 
performed differential gene expression analysis to identify the 
dysregulation of genes (Data Table S1). We then conducted a 
correlation analysis using the log2FC values of overlapped genes to 
assess the degree of similarity in these DGEPs between SCC pairs.

The five types of SCCs display a shared DGEP (Figure 2A), with 
all SCC pairs showing a Spearman’s coefficient ρ ≥ 0.32 (1000 times 
permutations, p < 0.001). To confirm the robustness of this 
correlation, we applied different batch correction methods, and the 
results remained consistent (Figure S2A and S2B). After Z-score 
standardization of log2FC profiles to remove scale and variance 
effects, strong Spearman’s correlations between SCC pairs were 
consistently preserved (Figure S2C and S2D), supporting that the 
observed similarities reflect robust concordance in relative 
transcriptomic dysregulation patterns. Among the SCC pairs, the 
similarities in DGEPs of ESCC_HNSC (ρ = 0.64) and ESCC_CESC (ρ 
= 0.63) were higher than those of LUAD_LUSC (ρ = 0.55) and 
EAC_ESCC (ρ = 0.52); the lowest similarity was observed between 
ESCC and CSCC (ρ = 0.32). Compared to ESCC_HNSC and 
ESCC_CESC, the similarity between ESCC and EAC was lower, while 
the similarity between LUSC and LUAD was higher than that 
between LUSC with any other type of SCC (Figure 2A, Figure S3). 
Furthermore, the similarity between all SCC pairs was significantly 
higher than that observed between LUAD and EAC (ρ = 0.1, p < 0.05, 
Figure 2A).

Regression analysis of the log2FC values of overlapped genes 
between ESCC with LUSC, CSCC, CESC, and HNSC showed that the 
slopes were 5.4, 3.1, 1.3, and 0.93, respectively, indicating that the 
severity of transcriptomic dysregulation decreased in this following 
order: LUSC > CSCC > CESC > ESCC ≈ HNSC (Figure 2B). 
Further threshold-based filtering of differentially expressed genes 
(DEGs, |log2FC| > 1, FDR < 0.05) showed that LUSC, with the 
highest dysregulation, had the most DEGs, whereas HNSC and 
ESCC had fewer (Figure 2C).

Finally, we used an independent SCCs RNA-seq dataset (Table 
S2) as a validation set to verify that the similarities of DGEP between 
SCC pairs we obtained is of general significance. The same analysis 
process applied to the discovery set was also performed on the 
validation set after standardizing the data through pre-processing 
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and correcting for batch effects (Figure S4, Data Table S1). Based 
on a rank-based comparison of SCC-pair correlation coefficients 
between the discovery and validation sets, we observed a strong 
concordance between the two sets (Spearman’s ρ = 0.67, p = 0.032; 
Figure 2D), which indicates that the SCC similarities of DGEPs are 
of general significance. At the same time, the DGEPs of these five 
types of SCCs were also verified. Regression analysis was performed 
for each type of SCC using the overlapped-genes log2FC values 
obtained from both the discovery and validation datasets. The results 
show that DGEPs are highly correlated between these two sets in 
five types of SCCs (all Pearson correlation coefficient ρ > 0.65, p < 
2.2e−16, Figure S5). Furthermore, we validated the DEGs of SCCs 
found in the discovery set (Table S3, all the Overlap Odds Ratio > 
11.9 and all Overlap p < 1.75E-49, Hypergeometric test). 

In summary, the five types of SCCs from different organs exhibit 
significantly correlated DGEPs (all ρ ≥ 0.32, permutation test, p < 
0.001), indicating that they share remarkably similar gene 
expression regulatory mechanisms in the process of tumor 
progression. Notably, the DGEPs among ESCC, HNSC and CESC 
were more similar to each other than that observed between 
adenocarcinoma and SCC within the same organ (LUAD vs. LUSC, 
ESCC vs. EAC); while, LUSC exhibited lower similarity in DGEP with 
other types of SCC than with LUAD. Moreover, we validated the 
DGEPs and the observed similarities of these patterns across SCCs 
are of broad and general significance. 

Network analysis reveals co-expressed gene modules in 
squamous cell carcinomas

The above results indicate that SCCs from different organs share 
similar DEGPs at a global profile. To further elucidate the hub genes 
and pathways driving these dysregulation patterns and to better 
understand the gene co-expression landscape in SCCs, we 
performed a robust weighted gene co-expression network analysis 
(rWGCNA). 

To assess the robustness of the co-expression network, we 
performed a series of sensitivity analyses. First, the WGCNA network 
was reconstructed using multiple parameter settings, and the 
disease-associated modules identified in the primary analysis were 
consistently retained across most parameter combinations (Figure 
S7A). In addition, we applied a robust WGCNA (rWGCNA) 
framework by repeatedly resampling two-thirds of the samples for 
network construction. Across 100 resampling iterations, the disease-
associated modules remained stable in the majority of cases, 
indicating that the identified modules were not driven by specific 
parameter choices or outlier samples (Figure S7B). Ultimately, the 
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resulting network comprised nine modules, designated CD1 through 
CD9 (Figure 3A). 

The correlation between modules is shown in Figure 3B. For 
example, CD1 is positively correlated with CD9 and negatively 
correlated with CD2, CD3, CD7 and CD8. Further correlation 
analysis between modules and SCCs showed that CD1 was positively 
correlated with all five types of SCCs and was enriched in biological 
processes related to ribosome biogenesis and DNA replication. CD3 
and CD7 were negatively correlated with all the five SCCs and 
enriched in biological processes such as actomyosin structure 
organization, lipid modification and cell matrix adhesion. The CD2 
module was not significantly regulated in LUSC, but was 
significantly negatively correlated with the other four SCCs and 
enriched in various metabolism-related biological pathways. CD4 
was positively correlated with LUSC and CSCC, but negatively 
correlated with ESCC, HNSC and CESC, mainly enriched in aerobic 
respiration biological process. CD8 was negatively correlated with 
LUSC and positively correlated with CSCC, ESCC, and CESC, and 
was enriched in angiogenesis and developmental regulation 
preprocesses. CD5, CD6, and CD9 were negatively correlated with 
LUSC and positively correlated with the other four SCCs, and were 
enriched in biological processes such as immunity, superoxide 
metabolism, and response to viruses. The relationships between 
modules and five types of SCCs are depicted in Figure 3C, and the 
enrichment results are shown in Figure 3D. In general, the gene co-
expression status of HNSC, CESC, and ESCC is closer, and the 
regulation directions of the nine modules are consistent. CSCC has 
only one module (CD4) with opposite regulation trends compared 
with these three types of SCCs (HNSC, CESC, and ESCC), while 
LUSC has five modules (including CD4, CD6, CD8, CD9 and CD5) 
with opposite regulation trends. This result is consistent with the 
similarities between SCC pairs obtained by comparing DGEPs in the 
above.

In the SCC gene co-expression network, hub genes are defined 
as those with the top 10% connectivity within each module (Data 
Table S2), including BIRC5, CDCA8, PPL, EVPL, SASH1, NMU, et 
al. A total of 441 hub genes were identified, which were 
predominantly enriched in biological pathways related to DNA 
replication, the cell cycle, and endothelial cell proliferation (Data 
Table S2). Notably, several genes commonly mutated in SCC 
genomes were included, such as SOX2, TP63, ZNF750, COL1A1, 
KRT5, and MCM78,10,15.

Identification of squamous cell carcinoma subtypes based on 
hub genes
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Based on the expression profiles of hub genes that identified in 
the gene co-expression network, we identified four cross-organ-
SCCs (HNSC, CESC and ESCC) subtypes in the TCGA dataset, 
named Subtype1, Subtype2, Subtype3 and Subtype4 (Data Table 
S3). The above results demonstrated that CESC, HNSC, and ESCC 
exhibit remarkable similarity in DGEPs and gene co-expression 
status. Therefore, these three types of SCCs were combined for the 
subsequent analysis. Figure 4A shows the expression status of the 
top 100 hub genes with the highest standard deviation across 
samples. CD1-derived genes such as SOX2, SPP1, COL1A1, TP63 
and FAP are highly expressed in Subtype1 and Subtype4; CD2, CD3, 
and CD4 derived hub genes are highly expressed in Subtype1, 
including genes CRNN, SLURP1, KLK13, SCEL, SPRR3 and SPRR1A 
et. al. Overall, the hub genes are all expressed at a lower level in 
Subtype3 (Figure 4A). Significant differences in age, sex, and HPV 
infection status were observed among the four SCC subtypes (Figure 
4A and Table S4), with Subtype3 showing a pronounced enrichment 
of CESC and HPV-positive SCC cases.

In order to figure out whether our SCC subtypes are significantly 
correlated with those obtained in previous studies15,16, we compared 
our subtypes with these previous classifications or subtypes. 
Campbell et al.15 identified four types of SCC clusters based on 
MDSC (myeloid derived suppressor cell)-related signatures, miRNA, 
copy number variation, and DNA methylation data. Comparing our 
subtypes with these four types of clusters respectively, the results 
showed that our subtypes was significantly correlated with these 
four types of clusters (chi-square test, all the p < 0.001). Another 
study16 identified six immune subtypes of SCC based on the 
expression of immune-related genes. Comparison showed that this 
immune subtype was also significantly correlated with subtypes 
found in our research (chi-square test, p < 2.2e-16). The comparison 
results showed that the SCC subtypes identified in this present 
research through the expression of the hub genes were not only 
potentially related to immune status, but also correlated with other 
omics data features. This indicates that the hub genes we identified 
are of great significance for SCC.

Using the same approach and parameters that conducted in 
TCGA dataset (Figures S8A and S8B), we validated the subtypes 
of SCC in the GEO microarray SCCs dataset. The results confirmed 
that the SCC subtypes identified in our study are broadly applicable. 
The gene expression profiles of Subtype1 and Subtype2 across 
different modules were consistent between the TCGA and GEO 
datasets (Figures S8C and S8D). However, due to the limited 
sample size, the gene expression characteristics of Subtype3 and 
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Subtype4 were less distinct in the GEO dataset (Figure S8D).

Four Subtypes of squamous cell carcinoma have distinct 
prognoses, revealing relationships between EMT and immune.

To further characterize the clinical relevance of the identified 
subtypes, we performed Kaplan–Meier survival analyses across the 
four SCC subtypes. Significant differences in overall survival were 
observed among the subtypes (Figure 5A and Figure S9A, log-rank 
p = 0.00019). Notably, Subtype3 consistently exhibited a 
significantly more favorable prognosis compared with each of the 
other subtypes. Pairwise comparisons revealed that patients 
classified as Subtype3 had significantly improved survival relative to 
Subtype1 (HR = 1.55, 95% CI: 1.14–2.09), Subtype2 (HR = 1.79, 95% 
CI: 1.32–2.42), and Subtype4 (HR = 2.23, 95% CI: 1.34–3.72) (Figure 
S9A). Given that Subtype3 is enriched for CESC and HPV-positive 
SCCs, we further assessed whether the observed survival differences 
associated with Subtype3 could be accounted for by organ origin or 
HPV status. Among HPV-positive patients, non-Subtype 3 cases 
exhibited significantly worse overall survival compared with 
Subtype3 cases (HR = 2.05, 95% CI: 1.00–4.19). In addition, 
although non-CESC patients within Subtype 3 showed poorer 
survival than CESC Subtype 3 patients (HR = 2.19, 95% CI: 1.29–
3.09), the survival difference between non-CESC non-Subtype3 
patients and CESC Subtype3 patients was even greater (HR = 2.35, 
95% CI: 1.66–3.32), indicating that survival stratification was more 
pronounced across subtypes than within Subtype3 (Figure S9B).

By comparing the subtype with better survival and the subtypes 
with worse survival, we found that the subtypes with worse survival 
(Subtype1, Subtype2 and Subtype4) were mainly enriched in 
biological processes such as epidermal development, epidermal cell 
differentiation, extracellular matrix (ECM) organization, and 
epithelial-mesenchymal transition (EMT), while the Subtype3 with 
better survival was mainly enriched in immune-related biological 
pathways (Figure 5B, Data Table S3). The EMT process and 
immune-related process play a vital role in the proliferation and 
development of SCC19-21. Therefore, we checked the expression 
status of transcription factors (SNAI1, SNAI2, TWIST1 and ZEB2) 
and marker gene VIM of EMT process in the four subtypes22. The 
expression of these genes in Subtype3 was significantly lower than 
that in Subtype1, Subtype2, and Subtype4 (Figure 5C). Comparing 
the immune cell infiltration scores of these four subtypes, we found 
that CD4+ T cells, CD8+ T cells, and activated dendritic cells had 
the highest infiltration level in Subtype3, and the lowest in Subtype4 
(Figure 5D). 

Based on the above results, it was found that the high expression 
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of EMT transcription factors and marker gene was often 
accompanied with a lower infiltration of anti-tumor immune cells 
(CD4+ T cells, CD8+ T cells, and activated dendritic cells) in SCC 
subtypes (Figures 5C and 5D). Therefore, we further performed a 
correlation analysis (Spearman’s correlation) between the 
expression of EMT transcription factors (or marker gene) and 
immune cell infiltration score in SCC patients. We found that the 
gene expression of SNAI2 was significantly negatively correlated 
with the infiltration of anti-tumor immune cells such as CD4+ T cells 
(p < 0.01), CD8+ T cells (p < 0.001), activated dendritic cells (p < 
0.001), activated B cells (p < 0.01) and effector memory CD8+ T 
cells (p < 0.001); and the expression of TWIST1 was also 
significantly negatively correlated with the infiltration of CD8+ T 
cells (p < 0.05) (Figure 5E). The expression of VIM and SNAI1 was 
significantly negatively correlated with the infiltration of mature 
dendritic cells (all p < 0.05), and significantly positively correlated 
with other immune cells, such as MDSC and regulatory T cell; the 
expression of ZEB2 and VIM was significantly negatively correlated 
with the infiltration of neutrophils (p < 0.01) (Figure 5E). The 
infiltration of immune cells is crucial for tumor patients, as it can 
impact tumor progression in multiple ways, subsequently 
influencing patient survival23-26. Thus, we further validated that the 
expression level of genes SNAI2 and TWIST1 was negatively 
correlated with the survival of SCC patients (Figure 5F, all p < 
0.001), while, the expression of genes SNAI1, VIM, and ZEB2 was 
not significantly associated with the survival of SCC patients (Figure 
S9C, all p > 0.01).

Identification of a six-genes signature that can predict the 
prognosis and drug sensitivity of SCC patients.

Considering the hub genes and DEGs between Subtype4 and 
Subtype3, we found that the expression levels of six genes were 
significantly negatively correlated with the survival of SCC patients, 
including COL1A1, MMP1, SERPINE1, KRT6A, IGF2BP3 and SPP1 
(Figure 6A). And these six genes were overexpressed in Subtype4 
(Subtype4 vs. Subtype3, Figure 6B), which may be one of the 
reasons for the worse survival of Subtype4. These six genes are 
mainly involved in regulation of cell-substrate adhesion, regulation 
of response to wounding, and collagen metabolic processes (Figure 
6C).

Furthermore, we used lasso regression to confirmed that the six-
gene signature was associated with the prognosis of SCC. To assess 
the robustness of feature selection, we evaluated gene selection 
frequencies across repeated cross-validation and a range of lambda 
values in the LASSO Cox model. Several genes exhibited consistent 
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selection across lambda values, whereas others were selected only 
under weaker penalization, indicating differential stability of 
candidate genes (Figure S10). Therefore, we constructed a 
prognostic prediction model using the expression levels of these six 
genes in the train dataset. The model was employed to calculate the 
risk score for each SCC patient, and patients were ranked in 
descending order based on their risk scores. The top 25% of patients 
were classified as the High-Risk group, while the bottom 25% were 
classified as the Low-Risk group (Data Table S4). Survival analysis 
conducted in the training dataset demonstrated that patients in the 
High-Risk group had significantly poorer survival outcomes 
compared to those in the Low-Risk group (log-rank p < 0.0001; HR 
= 2.62, 95% CI: 1.71–4.02, Figure 7A). And, the same results were 
obtained in the test dataset (log-rank p = 0.0014; HR = 4.21, 95% 
CI: 1.83–9.68, Figure 7B) and the independent external validation 
dataset (log-rank p = 0.022; HR = 1.89, 95% CI: 1.09–3.28, Figure 
7C). To further evaluate the prognostic relevance of the six-gene 
signature, we next assessed the association between the continuous 
risk score and patient survival using Cox proportional hazards 
models (Table 1). The risk score was significantly associated with 
increased mortality risk in both the training dataset (HR = 2.457, 95% 
CI: 1.745–3.458; P < 0.001) and the test dataset (HR = 2.453, 95% 
CI: 1.440–4.178; P = 0.001), with moderate discriminative ability as 
reflected by the C-index values. In the external test dataset, the 
continuous risk score showed a weaker association with survival (HR 
= 1.101, 95% CI: 1.000–1.213; P = 0.051), suggesting reduced 
prognostic resolution when modeling risk as a continuous variable 
in this dataset. In addition, we evaluated an alternative risk 
stratification strategy using the median risk score as the cutoff. 
While this approach retained prognostic significance in the training 
cohort and marginal significance in the test cohort, it failed to 
distinguish survival outcomes in the external test dataset (Figure 
S11A). These results indicate that the six-gene signature 
demonstrates its strongest and most robust prognostic performance 
when applied to the identification of patients at extreme risk, rather 
than uniform risk stratification across the entire SCC population.

Importantly, given that Subtype3 was enriched for CESC and 
HPV-positive SCCs, we further examined whether the observed 
prognostic value was driven by CESC-specific composition. When 
restricting the analysis to non-CESC SCC patients only, the six-gene 
signature remained significantly associated with patient survival, 
with High-Risk patients exhibiting markedly poorer outcomes than 
Low-Risk patients (Figure S11B). This result demonstrates that the 
prognostic utility of the six-gene signature is not solely attributable 
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to CESC origin or HPV-associated biology, but instead reflects 
shared prognostically relevant transcriptional programs across 
SCCs from diverse anatomical sites.

Finally, through comprehensive drug sensitivity analysis of SCC 
patients (Data Table S4), we observed that High-Risk and Low-Risk 
groups exhibited marked differential responses to conventional SCC 
chemotherapeutic agents (Figure 7D). The Low-Risk group 
demonstrated greater sensitivity to cisplatin, afatinib, gemcitabine, 
and irinotecan (p < 0.05 for all agents), whereas the High-Risk group 
showed higher responsiveness to vinblastine and vinorelbine (p < 
0.05 for both agents). Moreover, the expression levels of these six 
genes and the calculated risk score were significantly correlated 
with the drug sensitivity of SCC patients to the six aforementioned 
agents (Figure 7E). Specifically, the risk score exhibited a 
significant negative correlation with the sensitivity to cisplatin, 
afatinib, gemcitabine, and irinotecan, while it was significantly 
positively correlated with the sensitivity to vinblastine and 
vinorelbine.

In conclusion, the six-gene signature shows consistent 
discriminatory ability among patients at the extremes of the risk 
distribution, enabling the identification of clinically distinct High- 
and Low-Risk groups and underscoring its potential relevance for 
risk-adapted therapeutic stratification. The distinct drug response 
profiles between risk groups suggest this molecular signature could 
serve as a potential biomarker for guiding personalized 
chemotherapy regimens in SCC management.

Discussion
Previous studies have detailed the molecular similarities across 

SCCs, focusing on DNA mutations, DNA methylation, and immune 
gene expression, thereby revealing common features that apply to 
SCC15-17. However, the associated gene expression regulatory 
mechanisms underlying the tumor progression of cross-organ SCC 
remain largely unexplored. In this context, we integrated gene 
expression data based on a large-scale dataset of tumor and adjacent 
normal tissue samples from cross-organ SCCs. We evaluated the 
DGEP in different SCCs by performing differential gene expression 
analysis. Similarities of DGEP between different types of SCC were 
assessed by correlation analysis of log2FC values of the overlapped 
genes. Our results showed that SCCs across organs have widely 
shared DGEPs. We then constructed a cross-organ SCC gene co-
expression network, identifying co-expression patterns that are 
widely associated with SCCs and uncovering hub genes and 
pathways involved in its pathogenesis. Based on the hub genes 
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identified in the co-expression network, we classified cross-organ 
SCC into four distinct subtypes. These four subtypes have 
significantly different prognoses. Comparison of subtypes with 
better survival and those with worse survival highlighted several key 
pathways—such as ECM organization, EMT, and immune-related 
processes—that may explain the survival differences between these 
subtypes. Notably, we observed that the expression of the EMT-
related transcription factors SNAI2 and TWIST1 was associated with 
reduced infiltration of anti-tumor immune cells, including CD8⁺ and 
CD4⁺ T cells, in SCCs. Finally, by analyzing the expression of hub 
genes across the four subtypes, we identified six survival-associated 
genes. We utilized these six (COL1A1, MMP1, SERPINE1, KRT6A, 
IGF2BP3 and SPP1) of these genes to construct a prognostic 
prediction model, which effectively distinguishes between extreme 
high-risk and low-risk SCC patients with significantly different 
survival time. Furthermore, we validated the potential application of 
this model in predicting the sensitivity of SCC patients to 
chemotherapeutic agents.

Cross-organ SCCs exhibit significant shared gene expression 
dysregulation patterns. Despite originating from distinct anatomical 
sites, these five types of SCCs (HNSC, ESCC, CESC, CSCC and LUSC) 
demonstrate overlapping molecular signatures during tumor 
progression. This commonality likely arises from shared internal 
carcinogenic mechanisms—such as DNA mutations and the 
activation or suppression of specific signaling pathways—along with 
similar external environmental exposures, including tobacco smoke, 
alcohol consumption, and viral infections4-7,10. Additionally, these 
cancers arise from a common squamous epithelial cell lineage and 
often exhibit comparable tumor microenvironments. Several 
molecular alterations are consistently observed across these SCCs, 
including mutations in the TP53 gene, copy number variations in 
SOX2 and TP63, activation of the NOTCH, PI3K-AKT, Wnt/β-catenin, 
and EMT pathways, these alterations are widely recognized as 
central to the pathogenesis of SCCs15,27-29.

However, despite the shared molecular features, our study 
quantifies the degree of similarity between these cancers and 
reveals notable variability. The DEGPs of ESCC, HNSC, CESC, and 
CSCC are more similar to each other, while LUSC exhibits the least 
similarity to the other SCCs. Interestingly, comparing to EAC, ESCC 
is more similar to other SCCs, underscoring important distinctions 
between these two cancer types. Similarly, the risk factors and 
endemic regions for ESCC and EAC differ significantly13,30,31. ESCC 
is primarily associated with dietary habits and exposure to 
carcinogens, and is most prevalent in African and Asian 
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populations30. In contrast, EAC is often linked to the development of 
esophageal epithelial changes due to chronic gastroesophageal 
reflux disease and is more commonly seen in Western countries31. 
These factors may contribute to the differences in gene expression 
dysregulation patterns of ESCC and EAC. Prior studies10,14 have 
suggested that LUSC shares more closer molecular features with 
other SCCs than with LUAD, while, our analysis indicates that LUSC 
exhibits greater DGEP similarity to LUAD than to other SCCs. This 
result suggests that molecular characterization based solely on 
tumor tissue type may not fully capture the complex and subtle 
biological processes underlying tumor progression. Incorporating 
adjacent tissues into the analysis could provide a more 
comprehensive and accurate understanding of this process.

The construction of network revealed shared gene co-expression 
modules across different SCCs offering valuable insights into the 
regulation of specific biological pathways. These co-expression gene 
modules were predominantly enriched in processes related to DNA 
replication, fatty acid metabolism, adaptive immune response and 
the regulation of angiogenesis. Increasing evidence indicates that 
dysregulated fatty acid metabolism, encompassing both anabolic and 
catabolic pathways, plays a role in tumor progression by sustaining 
cancer stem–like cell populations and promoting malignant 
phenotypes such as metastasis, therapeutic resistance, and 
recurrence32. Tumor angiogenesis plays a central role in cancer 
development by supporting metabolic demands and disease 
progression, and emerging molecular insights beyond the VEGF 
pathway underscore its significance as a persistent and evolving 
therapeutic target33. Altogether, these enrichment patterns suggest 
that the identified co-expression modules capture core biological 
processes that are essential for SCC pathogenesis and disease 
progression. 

The regulation of these co-expressed gene modules varies across 
the five types of SCCs. Overall, the module regulation patterns of 
ESCC, HNSC, and CESC are more similar to each other, followed by 
CSCC, while LUSC exhibits distinct regulatory patterns compared to 
the other SCC types. These findings align with observed similarities 
in overall transcriptomic dysregulation across these SCCs. LUSC is 
primarily distinguished from other SCCs by its involvement in 
processes such as aerobic respiration, adaptive immunity, 
superoxide metabolism, angiogenesis regulation, and viral response. 
Notably, CSCC and LUSC share similar regulatory mechanisms in 
aerobic respiration, a biological process that sets them apart from 
the other three SCCs. The hub genes identified through this network 
hold significant clinical relevance. These include not only well-
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established SCC-associated mutations in genes such as SOX2, TP63, 
COL1A1, KRT5and ZNF7508,10,15, which are frequently mutated and 
shared across multiple SCC types, but also contribute to the 
identification of four distinct SCC subtypes with unique clinical 
characteristics. In addition, these subtypes may be linked to other 
omics features of SCC, indicating that they could have broader 
implications for the molecular understanding of these SCCs. 
Collectively, these hub genes appear to occupy central regulatory 
positions in SCC, reflecting shared molecular programs that 
underpin tumor development and clinical heterogeneity.

By comparing subtypes with significantly different survival 
outcomes, we focused on key biological processes—namely, ECM 
organization, EMT, and immune-related pathways—that may 
associate with the differential survival observed in SCC subtypes. 
The role of immune-related processes in tumor progression is well-
established, as immune cell infiltration in tumor tissues can 
influence tumor proliferation and development through mechanisms 
such as anti-tumor immunity and immune evasion21,24. Previous 
studies have highlighted the critical involvement of the EMT process 
in creating tumor immunosuppressive microenvironment34,35. Our 
study further demonstrated that EMT-related transcription factors 
ZEB2 and SNAI1, are positively correlated with the infiltration of 
immunosuppressive cells, such as Regulatory T cell and MDSC. And, 
the expression of SNAI2 and TWIST1 was significantly negatively 
correlated with the infiltration of anti-tumor immune cells and with 
poor survival in SCC patients. Earlier research has shown that 
SNAI2 promotes breast cancer proliferation by maintaining stem 
cell-like properties36, and it is also a critical driver of proliferation 
and metastasis in head and neck squamous cell carcinoma37. 
Likewise, Twist1 facilitates the onset and progression of lung cancer 
by activating the Wnt/β-catenin signaling pathway38. Our findings 
extend these observations by highlighting the roles of SNAI2 and 
TWIST1 in modulating immune cell infiltration, which subsequently 
influences the survival outcomes of SCC patients.

The prognostic prediction model, constructed based on the 
expression profiles of six hub genes (COL1A1, MMP1, SERPINE1, 
KRT6A, IGF2BP3, and SPP1), demonstrated robust efficacy in 
stratifying SCC patients with divergent clinical outcomes across 
both internal and external validation datasets. Notably, the model 
showed particular strength in distinguishing patients at the 
extremes of prognostic risk, effectively identifying subsets with 
markedly poor or favorable outcomes. Furthermore, subsequent 
validation studies confirmed the model's significant potential in 
predicting therapeutic response to chemotherapeutic agents. These 
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findings collectively indicate that this six-gene signature represents 
a clinically potential biomarker with translational utility for 
optimizing personalized chemotherapy strategies in SCC treatment 
paradigms.

It should be noted that the use of NAT as the reference for 
identifying DGEPs, while effective in controlling for inter-individual 
genetic background, may introduce inherent limitations in the 
context of SCC. Owing to the well-recognized Field Cancerization 
effect in SCC, which arises from chronic exposure to carcinogens 
such as tobacco and alcohol, NAT samples may already harbor pre-
neoplastic genetic or epigenetic alterations39,40. As a consequence, 
transcriptional changes associated with the earliest stages of tumor 
initiation may be partially attenuated or filtered out when NAT is 
used as the primary control. This potential bias suggests that the 
DGEPs and co-expression modules identified in the present study are 
more likely to capture molecular programs related to tumor 
progression, invasion, and clinical outcome rather than the initial 
oncogenic drivers of SCC development. Accordingly, the 
“universality” of the proposed prognostic model should be 
interpreted as reflecting conserved progression-associated 
transcriptional features across SCCs from different anatomical sites, 
rather than universal mechanisms of tumor initiation. This 
methodological consideration defines the biological scope of our 
findings and provides an important context for their interpretation.

Beyond this specific methodological aspect, several additional 
limitations of the present study should also be acknowledged. First, 
the analyses were primarily based on publicly available datasets, 
which may introduce inherent biases related to sample selection, 
data heterogeneity, and differences in sequencing platforms. In 
particular, the validation of molecular subtypes may be 
compromised by the limited number of SCC samples available in the 
GEO microarray datasets, potentially affecting the robustness and 
generalizability of subtype classification. Second, the conclusions 
regarding the association between EMT-related transcription factors 
and immune cell infiltration, as well as the identification of 
prognostic genes, were derived mainly from computational analyses 
and lack independent wet-lab experimental validation, which is 
essential to confirm these observations and clarify underlying 
biological mechanisms. Third, although the prognostic prediction 
model was evaluated using internal test and external test strategies, 
the possibility of model overfitting cannot be completely excluded. 
Moreover, due to the limited availability of detailed clinical 
prognostic information in public datasets, the predictive 
performance of the model could not be further assessed in larger and 
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more diverse cohorts. Future studies incorporating prospective 
clinical data and experimental validation will be required to 
strengthen the clinical relevance of our findings. 

In summary, our study quantified the similarity of the 
transcriptome dysregulation landscape of cross-organ SCC by 
comparing the gene expression of tumor and NAT tissues, and 
explained the specific hub genes and pathways involved by 
constructing a gene co-expression network. The prognostic 
prediction model we built based on hub genes can well distinguish 
patients with significantly different survival, and can help clinicians 
to develop more personalized chemotherapy strategies in the future. 
Overall, our findings provide a dual perspective for understanding 
the progression mechanism of SCC through both molecular 
mechanisms and clinical applicability, offering a valuable framework 
for translational medicine that bridges multi-omics exploration with 
precision medicine interventions.

Materials and Methods

Data collection
Raw microarray gene expression data of SCCs cancer and paired 

normal adjacent tissues (NAT) were downloaded from the GEO 
(https://www.ncbi.nlm.nih.gov/geo/) database. The datasets included 
LUSC (n = 246, T&N = 128&118)41-45, HNSC (n = 131, T&N = 
72&59)46-49, ESCC (n = 288, T&N = 144&144)50-55, CESC (n = 104, 
T&N = 63&41)56,57, and CSCC (n = 86, T&N = 40&46)58,59, as well 
as LUAD (n = 52, T&N = 26&26)60-63 and EAC (n = 100, T&N = 
73&27)64. Detailed information for these microarray datasets is 
provided in Table S1.

Raw RNA sequencing (RNA-seq) data of SCCs cancer and paired 
NAT were downloaded from ENA (https://www.ebi.ac.uk/) database. 
These datasets included LUSC (n = 12, T&N = 6&6)65, HNSC (n = 
72, T&N = 37&35)66,67, ESCC (n = 78, T&N = 37&41) 65,68-70, CESC 
(n = 23, T&N = 15&8)65,71, and CSCC (n = 48, T&N = 26&22)72-74. 
Detailed information for the RNA-seq datasets is provided in Table 
S2.

All raw gene expression datasets obtained from the GEO and 
ENA databases adhered to the following inclusion criteria: 1) both 
case and control samples were available within each study; 2) 
patients had not received any treatment prior to sample collection; 
and 3) raw data were publicly accessible for download.

Gene expression data of tumor samples along with detailed 
clinical information of SCC patients, were downloaded from TCGA 
(https://portal.gdc.cancer.gov/) database (Projects TCGA-HNSC, 
TCGA-CESC and TCGA-ESCC) and GSE5362575 dataset from GEO 
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database. The TCGA dataset included three types of SCCs: HNSC (n 
= 443), ESCC (n = 89), and CESC (n = 170); the GSE53625 includes 
179 ESCC tumor samples. The clinical data comprised patient 
information such as age, gender, tumor stage, survival status, and 
survival time.

Quality Control and Normalization
These two types of microarray chip data undergo corresponding 

preprocessing process. For each Affymetrix microarray chip dataset, 
the preprocess steps were (1) RMA normalized with the affy 
package76 in R, including background correction, log2 
transformation, and quantile normalization; (2) remove outliers 
(outliers are defined as samples with standardized sample network 
connectivity Z scores < -2); (3) regress all available biological and 
technical covariates, except for diagnostic group. The Agilent 
microarray chip datasets preprocess steps were (1) normalized with 
limma package77 in R (read.maimages, backgroundCorrect, 
normalizeBetweenArrays); and the steps (2) and (3) are the same as 
Affymetrix chip dataset. All these preprocess steps were performed 
in R.

There are four steps in RNA-seq data preprocessing. (1) Quality 
control: FastQC78 was used to assess the quality of sequencing data; 
low-quality reads were removed with the tool Trim Galore; 
employing Cutadapt to remove reads with atypical GC content at the 
beginning of reads; Using the Bowtie79 to remove rRNA from 
samples. (2) Alignment: align the reads to the GRCh38 reference 
genome using HISAT280. (3) Quantify gene expression counts with 
featureCounts81. (4) Standardized count data to TPM format, and 
log2 transformed. Preprocess steps (1), (2) and (3) were performed 
in Linux system; step (4) was performed in R. 

After preprocessing, all datasets of the same type of SCC from 
the same technique were merged and the batch effect was 
eliminated using the ComBat function of the sva package82 in R.

Differential gene expression analysis and correlation analysis 
of DGEP

Differential gene expression analysis was performed using two 
complementary statistical frameworks to ensure robustness against 
different strategies for handling batch effects. In the first approach, 
batch effects were corrected using the ComBat function 
implemented in the sva package, followed by differential expression 
analysis based on linear models using the limma package77. 

The second method, we constructed a linear mixed-effects model 
with the nlme package83 in R. The linear mixed-effects model 
accounts for both fixed effects (such as sample type and batch effects) 
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and random effects (such as individual differences). Gene expression 
was modeled as:

y{ij} =  β0 +  β1SampleType{ij} +  β2Batch{ij} +  ui +  ϵ{ij}

where y{ij} denotes the expression level of a given gene in sample j 
from individual i; SampleType (e.g., tumor vs. normal) and Batch 
were treated as fixed effects; ui represents a subject-specific 
random intercept accounting for within-individual correlation; and 
ϵ{ij} denotes the residual error. Differential expression was 
assessed based on the statistical significance of the fixed effect 
associated with sample type.

These differential gene expression analysis methods integrated 
research data from multiple sources and calculated meta-analytic 
log2FC for each gene and carcinoma. Genes were then filtered to 
include only those were present in all studies for subsequent analysis, 
a total of 8816 genes. 

The Spearman's correlation coefficient (ρ) was calculated using 
the log2FC values of each cancer pair to assess the similarity in 
DGEPs across different carcinoma types. A permutation test was 
employed to evaluate the statistical significance of the ρ values 
between carcinoma pairs. For each individual carcinoma study, we 
randomized the case/control status 1,000 times and re-performed 
the linear mixed-effects model meta-analysis, as described in the 
previous section. Each permutation generated log2FC values for 
each carcinoma, which were subsequently used to calculate ρ. This 
process was repeated 1,000 times to generate a null distribution of 
ρ values for each carcinoma pair.

The differentially expressed genes (DEGs) in each type of 
carcinoma are defined as |log2FC| > 1 and FDR < 0.05.

Gene co-expression network analysis
In order to reveal the systematic gene expression behavior of 

SCCs, we performed Weighted Gene Co-expression Network 
Analysis (WGCNA). Individual microarray datasets (after 
preprocessing) were combined together using the 8816 genes 
present across all studies. And the batch effect was mitigated by 
ComBat function. 

The network was constructed with WGCNA package84 in R with 
a signed network and biweight midcorrelation to reduce sensitivity 
to outliers. Signed networks and dynamic tree cut methods were 
employed, as they have been shown to yield more biologically 
meaningful modules compared to unsigned networks and static tree 
cut approaches85. The soft-thresholding power was selected 
according to the scale-free topology criterion. Specifically, the 
smallest power at which the scale-free topology fit index reached R2 > 
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0.8 was chosen (power = 6), ensuring approximate scale-free 
network properties while preserving sufficient network connectivity.

Modules were identified using the dynamic tree cut algorithm 
with the following parameters: minimum module size = 50, deepSplit 
= 4, merge cut height = 0.1, and pamStage = FALSE. A minimum 
module size of 50 was selected to reduce the likelihood of identifying 
small, noise-driven clusters, which are more common when using 
lower thresholds. A relatively high deepSplit value was used to allow 
finer module delineation, which is supported by the large sample size 
analyzed in this study. Modules with highly similar eigengenes were 
merged using a cut height of 0.1 to avoid redundant modules.

To assess the dependence of module detection on parameter 
choice, we systematically reconstructed co-expression networks 
across a broad parameter space, including pamStage = 
TRUE/FALSE, minClusterSize = 30/50/100, cutHeight = 0.1/0.2, and 
deepSplit = 0-4. The modules reported in this study were 
consistently preserved across the majority of parameter 
combinations, indicating that the identified modules were not driven 
by a specific parameter setting (Figure S7A).

In addition, module robustness was further evaluated by 
resampling-based analysis. Using the final parameter set (pamStage 
= FALSE, minClusterSize = 50, cutHeight = 0.1, deepSplit = 4), two-
thirds of the samples were randomly selected to reconstruct the 
network, and this procedure was repeated 100 times. The 
reproducibility of key modules across resampled networks further 
supports the stability and robustness of the identified co-expression 
structure (Figure S7B).

Modules were labeled by color and assigned unique identifiers 
(CD#). Genes that did not cluster into any specific module were 
assigned to the grey module (CD0). Genes within each module were 
prioritized based on their module membership (kME), defined as 
correlation to the module eigengene. In this study, the genes with 
top 10% connectivity within each module are defined as hub gene. 

The correlation analysis between each module and SCC was 
performed with Pearson correlation analysis. 

Subtype analysis
Based on the hub genes found in co-expression network analysis, 

the subtype analysis was performed with the consensusClusterPlus86 
package in R, and the SCCs RNA-seq data downloaded from TCGA 
database was used. Prior to clustering, gene expression values were 
median-centered for each gene. Hierarchical clustering was applied 
as the base clustering algorithm, using Pearson correlation as the 
distance metric. Consensus clustering was conducted with a 
maximum of 10 clusters (maxK = 10), 50 resampling iterations, a 
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resampling proportion of 80% of samples (pItem = 0.8), and all 
features included in each iteration (pFeature = 1). A fixed random 
seed was used to ensure reproducibility. According to the Delta Area 
Plot, we ultimately chose k = 4, at which point the area under the 
CDF curve did not increase significantly.

Immune cell infiltration analysis of subtypes was performed with 
GSVA package87 in R. The immune cell marker genes constituted the 
background gene set for the immune infiltration analysis88.

Candidate gene selection and prognostic model construction
To identify robust prognostic genes in squamous cell carcinoma 

(SCC) and construct a biologically interpretable survival model, we 
employed a stepwise gene prioritization strategy integrating gene 
co-expression network, expression variability, subtype-specific 
expression patterns, and penalized regression.

First, hub genes were ranked according to the standard 
deviation (SD) of expression across the TCGA-SCC cohort, and the 
top 100 most variable hub genes were retained. In parallel, 
differential expression analysis was conducted between Subtype4 
and Subtype 3 to identify genes significantly upregulated in 
Subtype4 (log2FC >1, FDR < 0.05), which may be associated with 
poorer clinical outcomes. The intersection of highly variable network 
hub genes and Subtype 4–upregulated genes yielded a candidate 
gene set consisting of 31 genes, which was used as input for 
subsequent modeling.

Second, to reduce redundancy and address multicollinearity 
among these 31 candidate genes, a Cox proportional hazards model 
with LASSO regularization was applied using the glmnet89 package 
(alpha = 1). Ten-fold cross-validation was used to select the penalty 
parameter (lambda). To evaluate the robustness of feature selection, 
repeated cross-validation and lambda sensitivity analyses were 
performed, and gene selection frequencies across multiple lambda 
values were calculated.

Importantly, genes prioritized by LASSO were not automatically 
regarded as the final prognostic markers. Instead, candidate genes 
were further evaluated based on survival analyses, as well as 
biological relevance to SCC-associated processes such as 
extracellular matrix remodeling, epithelial differentiation, and 
tumor–microenvironment interactions. Based on this integrative 
assessment, six genes (COL1A1, MMP1, SERPINE1, KRT6A, 
IGF2BP3 and SPP1) were selected to construct the final prognostic 
model.

A multivariate Cox proportional hazards model was then fitted 
using these six genes in the TCGA-SCC training cohort. The dataset 
was randomly divided into a training set and an internal test set at a 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



ratio of 7:3. Model performance was subsequently evaluated in the 
internal test cohort and validated in an independent external dataset 
(GSE5362575).

Drug sensitivity analysis
The drug sensitivity analysis of patients in the TCGA-SCC dataset 

to anticancer drugs was performed with the oncoPredict90 package 
in R. Gene expression data from the GDSC2 training set were 
obtained from preprocessed datasets in which expression values 
were RMA-normalized and log-transformed. Drug response data 
were transformed back to the linear scale prior to model fitting. 
TCGA-SCC gene expression data were TPM-normalized and log-
transformed, and were used as the test dataset. Gene identifiers 
were matched between the TCGA-SCC and GDSC2 datasets prior to 
analysis. Batch effects between the GDSC2 training data and TCGA-
SCC dataset were corrected using an empirical Bayes method 
implemented in oncoPredict. No additional power transformation of 
phenotype data was applied. Genes with low expression variability 
were removed during data homogenization using a variance 
threshold of 0.2, and only drugs with a minimum of 20 training 
samples were retained for prediction. The GDSC2 datasets were 
downloaded from the OSF repository https://osf.io/c6tfx/.

Survival analysis and enrichment analysis
Survival analysis was performed with R packages survival91 and 

survminer92, and using the RNA-seq data of SCC tumor samples from 
TCGA database. Survival analysis was performed between different 
subtypes, between “High” and “Low” expression groups of hub 
genes and between “High Risk” and “Low Risk” groups. The “High” 
group represents patients whose expression levels are higher than 
the median value, and the “Low” group represents patients whose 
expression levels are lower than the median value. The “High Risk” 
group represented patients with risk scores in the top 25%, and the 
“Low Risk” group represented patients with risk scores in the bottom 
25%.

The GO enrichment analysis was performed with the R package 
clusterProfiler93 based on the GO database. The significantly 
enriched pathways are defined as FDR < 0.05. 

Statistical analysis
Hypergeometric test was used to test whether the validation 

dataset replicates the differentially expressed genes found in the 
discovery dataset. Student's t test was used to compare the immune 
cell infiltration scores and the expression of EMT transcription 
factors of different subtypes. Chi-square test was used to verify 
whether our subtypes were significantly associated with the 
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classifications in other studies. P < 0.05 was considered statistically 
significant. All analyses were performed in R or Linux.
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Figures and Table1

Figure 1. The overall design and workflow of this study. A total 
of 1790 tumor and normal samples of SCC patients were included in 
this study. The shared dysregulated gene expression patterns 
(DGEPs) of SCC were derived and validated in GEO microarray 
dataset and ENA RNA-seq dataset. And, the co-expression network 
across SCCs was constructed in GEO microarray dataset. Finally, the 
clinical relevance of hub genes found in the network was validated 
in the TCGA-SCC RNA-seq dataset.
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Figure 2. Shared dysregulated gene expression patterns 
(DGEPs) across SCCs.
(A) Similarity in DGEPs of carcinoma pairs was measured by the 
Spearman’s correlation coefficient of the differential gene 
expression log2FC values of the overlapped genes. Conducted 
permutation test using the Bootstrap method (resampled 1000 
times), ***p < 0.001, **p < 0.01, *p < 0.05. 
(B) Comparison of the degrees of gene expression dysregulation 
across SCCs, and the severity is LUSC > CSCC > CESC > ESCC ≈ 
HNSC. The linear relationship between SCCs was estimated by 
principal component analysis, and measured the severity by 
comparing slopes. 
(C) The interaction sets of differential expression genes (DEGs, 
|log2FC| >1, FDR < 0.05) among SCCs. 
(D) Validation of the similarity between SCCs, each point represents 
the Spearman’s correlation of tumor–normal log2FC profiles 
between a pair of SCC types, calculated independently in the 
microarray and RNA-seq datasets. The X-axis shows the Spearman’s 
correlation coefficients of the SCC pairs based on microarray dataset 
(discovery); Y-axis shows the Spearman’s correlation coefficients of 
the SCC pairs based on RNA-seq dataset (validation). A significant 
positive concordance was observed between platforms, with a 
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Spearman’s correlation coefficient of R = 0.67 (p = 0.032).

Figure 3. Network analysis revealed modules of co-expressed 
genes across SCCs.
(A) Network dendrogram that construct with WGCNA method, nine 
modules of co-expressed genes are identified. 
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(B) Network diagram demonstrates relationships between modules. 
The color of edge represents correlation coefficient.
(C) Correlations of modules with SCCs, the Pearson correlation 
coefficients and the p values are showing in each box. CD1 is 
positively correlated with all SCCs; CD3 and CD7 are negatively 
correlated with all SCCs; while, CD2, CD4, CD6, CD7, CD8 and CD9 
show different directions of correlation with different SCC. 
(D) Enrichment of biological pathways in nine modules. CD1 
enriched in DNA replication and rRNA metabolic pathways; CD2 
enriched in carnitine metabolic process and fatty acid metabolic 
process; CD3 enriched in actomyosin structure organization and 
actin filament organization pathways; CD4 enriched in aerobic 
respiration and epidermis development processes; CD5 enriched in 
immune-related pathways; CD6 enriched in superoxide synthesis 
and metabolism processes; CD7 enriched in cell−substrate adhesion 
and melanocyte differentiation processes; CD8 enriched in 
angiogenesis-related pathways; CD9 enriched in pathways related to 
response to external virus.
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Figure 4. The profiles of our subtypes. 
(A) The expression profiles of the top 100 hub genes with the largest 
standard deviation in the four subtypes. The clinical information of 
the samples is also displayed, including HPV status, age, gender and 
clinical T stage. 
(B) Comparisons of our SCCs subtypes with those in previous studies. 
These four types of clusters (MDSC clusters, miRNA clusters, 
MethylMix clusters, CNV clusters) were obtained by Campbell et 
al.15 based on MDSC (myeloid derived suppressor cell)-related 
signatures, miRNA, copy number variation, and DNA methylation 
data, repectively. Based on the expression profiles of immune-
related genes, Li et al.16 identified Immune.subtypes. The 
associations of our subtypes with those clusters and subtypes were 
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annotated. Chi-square test was used, all the p < 0.001. 

Figure 5. Characteristics of Subtypes. (A) Survival significantly 
differs among four subtypes, p = 0.00019. Kaplan–Meier curves of 
all patients stratified by Subtypes. Subtype 3 has a better prognosis 
than Subtype1, Subtype2, and Subtype4. p value was calculated by 
the log-rank test among subtypes. 
(B) GO ontology results of DEGs (Subtype4 vs. Subtype3). The 
epithelial to mesenchymal transition and extracellular matrix 
organization pathways are enriched in Subtype4; the immune 
related pathways are enriched in Subtype3. 
(C) The gene expression values of transcription factors (or marker 
gene) (SNAI1, SNAI2, TWIST1, VIM, ZEB2) for epithelial-
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mesenchymal transition (EMT) in four subtypes. Subtype3 has the 
lowest expression level of EMT transcription factors. Violin plots 
represent the kernel density of expression values, with overlaid 
boxplots indicating the median and interquartile range (IQR). 
Pairwise comparisons between subtypes were conducted using two-
sided Student’s t-tests. Statistical significance is indicated by 
connecting brackets.
(D) The infiltration scores of CD4+ T cells, CD8+ T cells, positive DC 
cells, and neutrophils in four subtypes. Subtype 3 has the highest 
immune cell infiltration scores of CD4+ T cells, CD8+ T cells, and 
positive DC cells. Boxplots represent the median and IQR, with 
individual samples shown as jittered points. Pairwise comparisons 
between subtypes were conducted using two-sided Student’s t-tests. 
Statistical significance is indicated by connecting brackets.
(E) Correlation between the expression levels of EMT-related 
transcription factors or marker genes and immune cell infiltration 
scores. Spearman’s correlation coefficient (ρ) is shown; ***p < 0.001, 
**p < 0.01, *p < 0.05.
(F) The Expression levels of genes SNAI2 and TWIST1 were 
negatively correlated with survival of SCC patients (all p < 0.001). 
The x-axis represents survival rate, y -axis represents survival time 
(years). The "High" group represents patients whose expression 
levels are higher than the median value, and the "Low" group 
represents patients whose expression levels are lower than the 
median value. Hazard ratios (HRs) and 95% confidence intervals (CIs) 
were estimated using univariable Cox proportional hazards models, 
with the low-exp group as the reference
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Figure 6. Uncovering prognostic targets for SCC. 
(A) Kaplan–Meier curves showing that the high expression levels of 
these six hub genes (COL1A1, MMP1, SERPINE1, KRT6A, IGF2BP3, 
and SPP1) were significantly associated with worse survival of SCC 
patients. The "High" group represents patients whose expression 
levels are higher than the median value, and the "Low" group 
represents patients whose expression levels are lower than the 
median value. Hazard ratios (HRs) and 95% confidence intervals (CIs) 
were estimated using univariable Cox proportional hazards models, 
with the low-exp group as the reference.
(B) Volcano plot of differential expression genes (DEGs, |log2FC| >1, 
FDR < 0.05) of Subtype4 vs. Subtype3. The survival-related genes 
(COL1A1, MMP1, SERPINE1, KRT6A, IGF2BP3, and SPP1) and SCC 
common mutation genes (SOX2 and TP63) are highly expressed in 
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Subtype4.
(C) The GO enrichment results. The six genes are mainly involved in 
negative regulation of cell-substrate adhesion, negative regulation 
of response to wounding, and collagen metabolic processes.
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Figure 7. Prognostic and drug response stratification based 
on the six-gene signature in SCC patients
(A-C) Kaplan–Meier survival analyses of SCC patients stratified by 
the six-gene risk signature. (A) Training dataset. High-risk patients 
exhibited significantly worse overall survival compared with low-risk 
patients (log-rank p < 0.0001; HR = 2.62, 95% CI: 1.71–4.02); (B) 
Internal test dataset. Consistent survival separation was observed 
between high- and low-risk groups (log-rank p = 0.0014; HR = 4.21, 
95% CI: 1.83–9.68). (C) External test dataset. The six-gene signature 
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remained associated with overall survival, with high-risk patients 
showing poorer outcomes than low-risk patients (log-rank p = 0.022; 
HR = 1.89, 95% CI: 1.09–3.28). The “High Risk” group represented 
patients with risk scores in the top 25%, and the “Low Risk” group 
represented patients with risk scores in the bottom 25%. Hazard 
ratios (HRs) and 95% confidence intervals (CIs) were estimated 
using univariable Cox proportional hazards models, with the low-risk 
group as the reference. The numbers of patients at risk are shown 
below each Kaplan–Meier curve.
(D) IC50 of conventional SCC chemotherapeutic agents (cisplatin, 
afatinib, gemcitabine, irinotecan, vinblastine, vinorelbine) in High 
and Low risk groups. Boxplots represent the median and 
interquartile range, and statistical significance between groups was 
evaluated using a two-sided Wilcoxon rank-sum test. IC50: half-
maximal inhibitory concentration.
(E) The correlation heatmap of these six genes expression levels / 
(risk score) and IC50 of six chemotherapeutic agents, Spearman’s 
correlation, ***p < 0.001, **p < 0.01, *p < 0.05.

Table 1. Prognostic Performance of the Continuous Risk Score

Dataset No. of Patients 
(Events) HR† (95% CI) P-

value
C-

index
Train 490 (199) 2.457 (1.745–

3.458) <0.001 0.605

Test 210 (73) 2.453 (1.440–
4.178) 0.001 0.617

External 
test 131 (104) 1.101 (1.000–

1.213) 0.051 0.526
†HR, hazard ratio; per 1-unit increase in the risk score. The C-index 
was calculated to evaluate discriminative ability.
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