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Abstract 

Tongue squamous cell carcinoma (TSCC) is an aggressive oral cancer with a high incidence of metastasis and poor 
prognosis. We aim to identify and verify potential biomarkers for TSCC using bioinformatics analysis. To begin with, we 
examined clinical and RNA expression information of individuals with TSCC from the Gene Expression Omnibus (GEO) 
database. Differential expression analysis and functional analysis were conducted. Multiple machine-learning strate-
gies were next employed to screen and determine the hub gene, and receiver operating characteristic (ROC) analysis 
was used to assess diagnostic value. Semaphorin3C (SEMA3C) was identified as a critical biomarker, presenting high 
diagnostic accuracy for TSCC. In the validation cohorts, SEMA3C exhibited high expression levels in TSCC. The high 
expression of SEMA3C was a poor prognostic factor in TSCC by the Kaplan–Meier curve. Based on the Gene Ontology 
(GO) analysis, SEMA3C was mapped in terms related to cell adhesion, positive regulation of JAK-STAT, positive regu-
lation of stem cell maintenance, and positive regulation of NF-κB activity. Single-cell RNA sequencing (ScRNA-seq) 
analysis showed cells expressing SEMA3C were predominantly tumor cells. Then, we further verified that SEMA3C had 
high expression in TSCC clinical samples. In addition, the knockdown of SEMA3C suppressed the proliferation, migra-
tion, and invasion of TSCC cells in vitro. This study is the first to report the involvement of SEMA3C in TSCC, suggesting 
that upregulated SEMA3C could be a novel and critical potential biomarker for future predictive diagnostics, preven-
tion, prognostic assessment, and personalized medical services in TSCC.
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Introduction
Tongue squamous cell carcinoma (TSCC) is a preva-
lent malignant tumor of the oral cavity, accounting for 
approximately 350,000 new cases globally each year [1]. 
TSCC is clinically aggressive, has a high recurrence rate, 
and has a lower survival rate than general head and neck 
cancer [2, 3], with a five-year survival rate of less than 
60% [4].

Currently, surgical resection, chemotherapy, and radi-
ation are the most commonly used strategy in TSCC 
therapy. However, these treatments are unsatisfactory. 
The lack of therapeutic efficacy is mainly because most 
of the patients seeking treatment are in intermediate 
to advanced stages with limited therapeutic options. 

*Correspondence:
Yingying Su
reliayysu@163.com
Hao Wang
Hao_Wang2022@outlook.com
1 Department of Stomatology, Beijing Tiantan Hospital, Capital Medical 
University, Beijing 100070, China
2 Research and Development Department, Allife Medicine Inc., Beijing, 
China
3 Beijing Laboratory of Oral Health, Capital Medical University, Beijing, 
China
4 Department of Biochemistry and Molecular Biology, School of Basic 
Medicine, Capital Medical University, Beijing, China
5 Department of Oral and Maxillofacial & Head and Neck Oncology, 
Beijing Stomatological Hospital, Capital Medical University, Beijing, China

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12935-024-03247-y&domain=pdf


Page 2 of 15Dou et al. Cancer Cell International           (2024) 24:58 

This dysfunction has a substantial impact on life qual-
ity, as well as a poor prognosis [5, 6]. Secondly, current 
screening methods are not sufficiently precise to allow 
early intervention and prognostic assessment [7]. In 
recent years, bioinformatics combined with machine 
learning has been used in various healthcare fields for 
predicting, preventing, diagnosing, and assessing prog-
nosis. Models using machine learning appear more 
accurate than traditional screening methods as they 
analyze massive data and, through algorithms, identify 
patterns for making predictions and guiding personal-
ized management [8, 9].

Machine learning (ML) methods such as weighted gene 
co-expression network analysis (WGCNA), least abso-
lute shrinkage and selection operator (LASSO) logistic 
regression, and random forests (RF) are used to identify 
new prognostic and predictive factors in a wide range of 
diseases such as head and neck squamous cancer [10], 
colon cancer [11], liver cancer [12], breast cancer [13], 
and Alzheimer’s disease [14]. This approach is also uti-
lized to discover potential treatments for this highly com-
plex disease.

Semaphorins (SEMAs) are secreted membrane signal-
ing proteins that are indispensable in the development 
and maintenance of many organs and tissues. They have 
also been implicated in the regulation of various cancer 
processes, including angiogenesis, cancer cell invasion 
and metastasis, tumor growth, and cancer cell survival 
[15]. Previous studies have found that SEMA3C is associ-
ated with tumor progression in various types of cancers, 
including prostate [16], pancreatic [17], brain [18], breast 
[19], cervical [20], and gastric [21] cancers. Its expres-
sion in neoplastic and cancerous tissues is higher than 
that in normal epithelial tissues, and the high expression 
of SEMA3C correlates with poor prognosis. Moreover, 
inhibition or knockdown of SEMA3C suppresses tumor 
cell proliferation, and colony formation ability in  vitro, 
and inhibits tumor growth in vivo. Chen [22] and Zhang 
et al.  [23] found that SEMA3C shows worse disease‐free 
survival with higher expression and is up‐regulated in 
clinical samples of head and neck squamous cell carci-
noma (HNSCC). The discovery is of utmost significance 
and provides the basis for subsequent investigations into 
SEMA3C in HNSCC. However, no previous studies have 
reported an association between SEMA3C and TSCC. 
Therefore, our study provides supplementary evidence 
regarding the association between TSCC and SEMA3C.

In this study, we obtained a microarray dataset of 
TSCC from the GEO through an integrated bioinformat-
ics approach and machine learning strategies for analy-
sis to screen and identify key biomarker genes for TSCC, 
offering prospective goals for TSCC diagnosis, preven-
tion, prognostic assessment, and customized treatment.

Methods and materials
Dataset collection and processing
The original datasets GSE31056 and GSE34105 were 
downloaded from the NCBI-GEO database (http://​www.​
ncbi.​nlm.​nih.​gov/​geo/) [24], which is an international 
public repository. GSE31056 [25] contains 23 oral car-
cinoma samples, 49 histologically normal margin sam-
ples, and 24 adjacent normal tissue samples, established 
on the GPL10526 platform. GSE34105 [26] contains 62 
TSCC samples and 16 non-malignant control samples, 
established on the GPL14951 platform. GSE13601 [27], 
GSE160042, and GSE138206 were used as validation sets 
to verify the expression of the hub gene. Furthermore, 
scRNA-seq data GSE172577 was used to profile the cell 
populations expressing key biomarkers in TSCC. The 
clinical information of these datasets is summarized in 
Additional file 1: Table S1. The datasets used in this study 
are all TSCC-related samples and the selected datasets 
have sufficient sample size. Multiple datasets were cho-
sen mainly to allow for cross-validation and thus to draw 
more definitive conclusions.

Identification of differentially expressed genes
The “limma” V3.46.0 package in the R software was 
used to screen for differentially expressed genes (DEGs) 
in TSCC and normal tissues. The criteria for screen-
ing DEGs were |Log2 fold-change (log2 FC)|≥ 1 and 
adjusted P-value < 0.05. The ggplot2 V3.3.5 package of 
the R software was used to generate the volcano map, the 
Pheatmap V1.0.12 package of the R software was used 
to plot the heat map of the first 30 DEGs in each data-
set, and the Venny 2.1.0 online tool (https://​bioin​fogp.​
cnb.​csic.​es/​tools/​venny/​index.​html) was used to plot the 
VennDiagram.

Functional enrichment analysis of DEGs
Gene function and metabolic pathway analyses were per-
formed on the intersecting DEGs of the datasets using 
the clusterProfiler V3.18.1 package and Goplot V1.0.2 
package in the R software (significant as a P < 0.05 and 
a q-value < 0.05). The functional enrichment analysis 
included GO analysis and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathway analysis.

Screening and validation of hub genes
WGCNA, LASSO, and RF were used to screen key 
markers for TSCC in this study. WGCNA is a powerful 
method for exploring the complex relationships between 
gene expression profiles and phenotypes. It can greatly 
narrow down the range of genes to be screened, thereby 
increasing the accuracy of pinpointing genes associated 
with key traits [28]. LASSO regression is based on the 
regression method, which reduces the complexity of the 
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model, prevents overfitting, and utilizes a smaller sam-
ple size to effectively filter features, resulting in a more 
accurate prediction algorithm [29]. RF algorithms are 
more accurate and well-suited for analyzing complex 
data, such as omics data, which is often high-dimensional 
[30]. The R software packages used for implementing 
the different classification models were as follows: ran-
domForest V4.7-1 package for the RF model, glmnet 
V4.1-4 package for LASSO logistic regression analysis, 
and WGCNA V1.71 package for conducting WGCNA. 
To conduct further analysis, the genes that overlapped 
among the three models were identified. The diagnostic 
worth of the TSCC hub gene was assessed by computing 
ROC curves and the area under the curve (AUC) using 
the pROC V1.18.0 package [31] of R software. Statistical 
significance was set at a two-sided P-value of less than 
0.05. The expression of the hub gene in TSCC and con-
trol was evaluated by combining the validation datasets 
GSE13601, GSE160042, and GSE138206 with GSE31056.

Survival and statistical analysis
For survival analysis, the data in the GSE31056 and 
GSE41613 datasets were collated, and gene expres-
sion values were grouped by median into low and 
high-expression groups. Survival curves were plotted 
according to the Kaplan–Meier estimation method, and 
Cox proportional hazards models were used to estimate 
hazard ratios (HR) and 95% confidence intervals (CI) 
using GraphPad Prism (Version 8.1.1). P < 0.05 was con-
sidered to indicate statistically significant differences.

Functional enrichment analysis of the hub gene
Using the datasets GSE31056 and GSE41613, Pearson 
correlation analysis between the hub gene and all other 
genes was performed using R software. Common genes 
with a Pearson correlation analysis result of P < 0.05 were 
selected from both datasets. Subsequently, GO analysis 
was conducted using the DAVID online tool (DAVID 
Functional Annotation Bioinformatics Microarray Analy-
sis (ncifcrf.gov)).

Single‑cell RNA sequencing data analysis
The preprocessed data of GSE172577 were obtained from 
the GEO database. Cellranger (10X Genomics) was used 
for preprocessing. After downloading the data, they were 
imported into R and analyzed using the Seurat V4.1.0 
package.

Initially, quality control was performed to filter out 
cells that did not meet specific criteria. These criteria 
included a gene count per cell greater than 200 and less 
than 7500, as well as a percentage of mitochondrial genes 
below 20%.

Next, the data were normalized using the Normalize-
Data function. To identify the most variably expressed 
genes for downstream analysis, the top-ranked 2000 
genes were selected using the “vst” method in the Find-
VariableFeatures function. Before conducting principal 
components analysis (PCA), the data were scaled using 
the ScaleData function.

PCA, cluster analysis, and Uniform Manifold Approx-
imation and Projection (UMAP) dimensional reduction 
were then applied using the RunPCA, FindClusters, 
and RunUMAP functions, respectively. The resulting 
cell clusters were visualized using UMAP plots gener-
ated by the DimPlot function. Bubble plots were gener-
ated by the ggplot2 V3.3.5 package of the R software, 
and the line graph was drawn in Excel.

Human TSCC samples
To validate the expression of key biomarkers in human 
TSCC specimens, TSCC tissues and their paired adja-
cent normal tissues (> 2  cm from the tumor edge) 
were collected from 9 patients undergoing maxillofa-
cial surgery at Beijing Stomatology Hospital. None of 
the patients had received chemotherapy or radiation 
therapy before surgery. Six of the nine pairs of tis-
sue specimens were randomly selected for immuno-
histochemical staining. The mRNA expression of the 
remaining 3 pairs was verified by quantitative real-
time polymerase chain reaction (qRT-PCR). Written 
informed consent was obtained from all participants, 
and the collection protocol for human tissue specimens 
was approved by the Research Ethics Committee of 
Capital Medical University, conducted in compliance 
with the Declaration of Helsinki, and approved by the 
Prospective, Observational, Real-world Oral Malignant 
Tumors Study (approval number: NCT02395367).

Immunohistochemistry (IHC)
The deparaffinization of TSCC and paracancer-
ous specimens was conducted by immersing them in 
xylene, followed by rehydration in a series of graded 
alcohol. To block endogenous peroxidase activity, a 
3% H2O2 solution was applied. Antigen retrieval was 
achieved through heating in citrate buffer. The sections 
were then subjected to overnight incubation at 4  °C 
with a primary antibody against SEMA3C (1:100 dilu-
tion, PA5-103168, Thermo Fisher Scientific, USA). A 
horseradish peroxidase-conjugated secondary antibody 
was subsequently added and incubated at room tem-
perature for 30 min. The color reaction was developed 
using 3,3′-diaminobenzidine (DAB) solution (Dako, 
Denmark).
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Cell culture and transfection of SCC25 and SCC9 
with shSEMA3C
Human tongue squamous cell carcinoma SCC25 and 
SCC9 cells were purchased from Sunncell (China) and 
BeNa Culture Collection (BNCC, China), respectively. 
Cultures were carried out at 37  °C and 5% CO2 in Dul-
becco’s Modified Eagle Medium/Ham’s F 12 nutrient 
(DMEM/F12, Gibco, USA) supplemented with 10% heat-
inactivated fetal bovine serum (FBS, Gibco, USA). The 
shRNA used was SEMA3C shRNA (5′-GCC​AAG​ATC​
AAC​TTC​AAA​GTT-3′) and the control shRNA was pur-
chased from Xitubio Biotechnology Co., Ltd (China). 
Cells were infected with shSEMA3C lentivirus with a 
final concentration of 10 µg/ml according to the poly-
brene instruction (Sigma-Aldrich, USA). Then, these cells 
were utilized for further experiments for 48  h. The sta-
ble transfectants were selected with 1 µg/ml puromycin. 
Seven days after the addition of puromycin, completion 
of selection was confirmed by the absence of live cells in 
the control nontransfected culture with puromycin.

RNA extraction and qRT‑PCR
Total RNA was extracted from tissues or cells with TRI-
zol (Invitrogen, USA), according to the manufacturer’s 
instructions. Total RNA was reverse transcribed using 
a reverse transcription kit (TransGen Biotech, China), 
according to the manufacturer’s protocol. The Trans-
Start®  Top Green qPCR SuperMix Kit (TransGen Bio-
tech, China) was used for qRT-PCR. GAPDH was used to 
normalize the RNA levels using the 2−ΔΔCt method. The 
sequences of the primers for qRT-PCR were: SEMA3C-F: 
5′-TAA CCA AGA GGA ATG CGG TCA-3′; SEMA3C-
R: 5′-TGC TCC TGT TAT TGT CAG TCA GT-3′; 
GAPDH-F: 5′- GGA GCG AGA TCC CTC CAA AAT-
3′; and GAPDH-R: 5′- GGC TGT TGT CAT ACT TCT 
CAT GG-3′.

CCK‑8 assay
Cell growth was measured using a CCK-8 kit (Sigma-
Aldrich, USA) according to the instructions. Briefly, 
approximately 5 × 103 cells per well were plated into 
96-well plates and cultured in the indicated medium. Cell 
proliferation, measured at 450  nm, was examined every 
day for three days according to the manufacturer’s proto-
col. All experiments were performed three times.

Colony formation assay
2 × 103 cells per well were seeded in 6-well plates, and 
the culture was terminated when the cells formed obvi-
ous clones under the microscope. The colonies were fixed 
with 4% paraformaldehyde and stained with 0.1% crystal 
violet (Sigma-Aldrich, USA) for 15 min at room tempera-
ture. Finally, the colony number was quantified.

Wound healing assay
SCC9 and SCC25 were plated into 6-well plates (about 
4 × 105 cells/well). When the confluence reached 100%, 
a scratch was made using a pipette tip of 200  µl. The 
detached cells were removed with serum-free medium. 
At 0  h, 24  h, and 48  h, the wounded area was photo-
graphed. Migration rate was measured as follows: % 
migration rate = ((0  h wound area − 24  h/48  h wound 
area) × 100)/0 h wound area.

Transwell experiment
SCC9 and SCC25 cells were loaded in a prepared Tran-
swell chamber (8 um pore size; Corning Inc., USA) with 
Matrigel (BD Biosciences, USA), and the cell density of 
each group was adjusted with serum-free DMEM/F12 
culture medium. Briefly, 1 × 104 cells were added to the 
upper chamber, and DMEM/F12 culture medium con-
taining 10% FBS was added to the lower chamber. They 
were incubated for 48 h in 5% CO2 at 37 ℃. Non-invading 
cells and the matrigel layer were mechanically removed 
using cotton swabs, and the microporous membrane was 
fixed with 4% paraformaldehyde and stained with 0.1% 
crystal violet (Sigma-Aldrich, USA) for 15  min at room 
temperature. The number of transmembrane cells from 5 
randomly different fields was selected and photographed 
from every group.

Statistical analysis
Unpaired t-tests (also known as independent t-tests) are 
used to compare the means/averages of two independent 
or unrelated groups to determine if there is a significant 
difference between them. In this study, comparisons were 
conducted using the unpaired t-test. Statistical analysis 
and the graphs were performed using GraphPad Prism 8 
software. The Kaplan–Meier and log-rank tests are exten-
sively employed in survival analysis. The Kaplan–Meier 
curve is employed to illustrate the association between 
survival time and survival probability, while the log-rank 
test is a non-parametric statistical test used to compare 
the survival rates among two or more subgroups and 
determine if there exists a substantial difference in sur-
vival across these subgroups. Therefore, in this study, 
survival data were used to establish the Kaplan–Meier 
curves, and the differences among the groups were ana-
lyzed by the log-rank test. P-value < 0.05 was judged sta-
tistically significant.

Results
Identification of DEGs in TSCC and normal tissues
In search of DEGs for TSCC and normal, the dif-
ferential expression analysis was performed, and a 
total of 2070 genes were found to be differentially 
expressed in GSE31056, consisting of 935 upregulated 
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genes and 1135 downregulated genes (Fig.  1a and d). 
In GSE34105, a total of 2592 genes were identified, 
including 944 upregulated genes and 1648 downregu-
lated genes (Fig. 1b and e). Volcano plots were used to 
illustrate the distribution of these DEGs (Fig.  1a and 
b), and the top 30 DEGs, consisting of 10 upregulated 
genes and 20 downregulated genes in GSE31056, and 
20 upregulated genes and 10 downregulated genes in 
GSE34105, were depicted in heatmaps (Fig.  1c and f ). 
To determine the overlapping DEGs between the two 
datasets, a Venn analysis was performed, revealing 329 
overlapping downregulated genes and 214 overlapping 

upregulated genes associated with TSCC (Fig. 1g, Addi-
tional file 1: Table S2).

GO and KEGG pathway analyses of DEGs
In order to identify the biological functions of the above 
DEGs, GO and KEGG functional enrichment analy-
ses were performed. GO analysis results showed that in 
terms of BP, actin filament organization, external encap-
sulating structure organization, wound healing, extra-
cellular matrix organization, and extracellular structure 
organization were notably enriched (Fig. 2a). In terms of 
CC, collagen-containing extracellular matrix, apical part 

Fig. 1  Identification of DEGs. a, b Volcano plots of DEGs distribution in GSE31056 (a) and GSE34105 (b). c, f Heatmaps of DEGs in GSE31056 (c) 
and GSE34105 (f). d, e Number of DEGs in GSE31056 (d) and GSE34105 (e). g Venn diagram of DEGs from the two datasets
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of cell, apical plasma membrane, cell leading edge, and 
focal adhesion were significantly enriched (Fig.  2b). In 
terms of MF, signaling receptor activator activity, recep-
tor ligand activity, actin binding, sulfur compound bind-
ing, and cytokine activity were greatly enriched (Fig. 2c). 
Furthermore, KEGG pathway analysis was performed 
on the DEGs. The results revealed Drug metabolism-
cytochrome P450, IL-17 signaling pathway, ECM-recep-
tor interaction, cytokine–cytokine receptor interaction, 
and chemokine signaling pathway as the most highly 
enriched pathways (Fig.  2d). In conclusion, the DEGs 
were functionally related to the malignant progression of 
tumors, including proliferation, migration, and invasion.

The dimensionality reduction analysis of the screened 
genes based on machine learning algorithms
In this study, we applied three different algorithms, 
namely RF, LASSO logistic regression, and WGCNA, 
to identify critical marker genes. The results revealed 
that 89 genes were identified using the RF algorithm 
(Fig.  3a–c and Additional file  1: Table  S3), while the 
LASSO logistic regression algorithm identified 8 genes 
(Fig.  3d and e and Additional file  1: Table  S3). Further-
more, we employed the WGCNA analysis, using default-
recommended parameters (Fig.  3f and g), to identify 13 
notable co-expression modules (Fig.  3h). Our investiga-
tion of module-trait correlations showed that multiple 
modules were associated with TSCC (Fig.  3i). Among 
these modules, the turquoise module exhibited the most 
positive correlation with TSCC. Therefore, we focused 
on screening genes in the turquoise module and success-
fully identified 2014 genes (Fig. 3j and Additional file 1: 
Table S3). Our subsequent analysis using Venn diagrams 
revealed that SEMA3C was the overlapping gene identi-
fied by all three algorithms (Fig. 3k). Therefore, SEMA3C 
was defined as the best candidate gene for the TSCC 
marker and target.

SEMA3C was a robust diagnostic marker for TSCC
To evaluate the potential predictive value of the key 
gene marker in TSCC, ROC curves were generated. The 
results revealed that SEMA3C was a crucial gene with 

high accuracy in predicting the TSCC (AUC = 90.7%, 
Fig.  4a). We also examined the expression of SEMA3C 
in TSCC tissues and found that it was remarkably 
upregulated compared to controls in four different data-
sets, including GSE31056, GSE160042, GSE13601, and 
GSE138206 (all P < 0.01, Fig. 4b, c, e, f ). Furthermore, the 
online tool GEPIA was used to validate that SEMA3C 
expression was significantly higher in TSCC than in the 
control group. (P < 0.05, Fig. 4d).

Overexpression of SEMA3C was a prognostic risk factor 
in TSCC patients
Kaplan–Meier survival analysis was used to analyze the 
prognostic value of SEMA3C expression, and the results 
showed that high expression of SEMA3C was a poor 
prognostic factor in TSCC (P < 0.05) (Fig. 5a, b).

Function enrichment analysis of the SEMA3C in TSCC
GO analysis was used to explore the oncogenic functions 
of SEMA3C. Firstly, we screened 309 genes correlated 
with SEMA3C from GSE31056 and GSE34105 datasets 
on NCBI (Additional file 1: Table S4). Then, the GO anal-
ysis suggested that genes correlated with SEMA3C were 
enriched in numerous cancer-related biofunctions such 
as cell adhesion, positive regulation of JAK-STAT, posi-
tive regulation of stem cell maintenance, and positive reg-
ulation of NF-κB activity, indicating that SEMA3C played 
a role in oncogenesis through these pathways (Fig. 6a–c).

SEMA3C was specifically expressed in TSCC cells 
by scRNA‑seq analysis
To more accurately characterize the specific expres-
sion of SEMA3C in TSCC cells, we queried the scRNA-
seq database to identify cell populations that express 
SEMA3C mRNA in TSCC. After implementing quality 
control and screening the cells, we performed unbiased 
clustering of the cells based on their gene expression 
profiles, with cell markers expressed in the correspond-
ing cells and their expression relatively high (Fig.  7a), 
demonstrating that the cell definitions were reliable. 
The clustering identified 10 subpopulations, as shown 
in the UMAP plot (Fig. 7b). In TSCC cells, more than 

Fig. 3  Screening of hub gene via multiple machine-learning algorithms. a–c Identification of hub gene by RF. Distribution of out-of-band (OOB) 
error rate at various values of mtry (a) and trees (b). Variable importance, as measured by the mean decrease in accuracy (left panel) or the Gini 
coefficient (right panel), is computed using the OOB error (c). Genes are shown in descending order of importance. d, e Establishment of hub gene 
by LASSO logistic regression analysis. LASSO coefficient profile of the 8 genes (d). Selection of the optimal parameter (lambda) in the LASSO model, 
and generation of a coefficient profile plot (e). f–j Process of WGCNA. Analysis of network topology for various soft-thresholding powers (f, g). The 
x-axis reflects the soft-thresholding power. The y-axis reflects the scale-free topology model fit index (f) and the mean connectivity (g). Clustering 
dendrogram of differentially expressed genes related to TSCC, with dissimilarity based on topological overlap, together with assigned module colors 
(h). Module-trait associations (i). The gene significance for TSCC in the turquoise module (j). k Venn diagram shows the intersection of the hub gene 
obtained by the three strategies

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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90% of the SEMA3C-expressing cells were tumor 
cells (Fig.  7c), indicating that the treatment targeting 
SEMA3C may have little side effect.

SEMA3C was specifically expressed in TSCC clinical samples
As shown in Fig.  8a, b, c, IHC staining of SEMA3C in 
human specimens indicated significant positive staining 
in TSCC, while negative or low staining in normal tongue 

Fig. 4  SEMA3C was highly enriched in TSCC. a The diagnostic power of SEMA3C in TSCC by ROC curve. b–f The expressions of SEMA3C in GSE31056 
(b), GSE160042 (c), GSE13601 (e), GSE138206 (f), and GEPIA (d). (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001)

Fig. 5  High SEMA3C expression as a poor prognostic factor in patients with TSCC. a Overall survival (OS) in the high and low SEMA3C groups 
in the GSE41613 cohort. b OS in the high and low SEMA3C groups in the GSE31056 cohort
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tissues. Moreover, consistent with IHC findings, qRT-
PCR results revealed that the mRNA levels of SEMA3C 
in TSCC samples were highly upregulated compared with 
normal tongue samples (Fig. 8d). Above all, our findings 
demonstrated that SEMA3C might be a presumed onco-
gene driving the occurrence and development of TSCC.

SEMA3C depletion inhibited cell proliferation 
and migration/invasion in TSCC cells
We used shSEMA3C lentivirus and controlling lentivi-
rus to stably transfect SCC9 and SCC25 cells. qRT-PCR 
demonstrated that SEMA3C mRNA expression was dis-
tinctly reduced following shRNA-SEMA3C transfection 
(Fig.  9c, d). CCK-8 viability assay and colony formation 
assay indicated a significantly lower proliferation rate in 
SCC9 and SCC25 cells following SEMA3C knockdown, 
compared to control cells (Fig. 9a, b, e, f ). We then con-
ducted a wound healing assay and transwell assay. Both 
wound healing and transwell invasion assays demon-
strated the migratory and invasive abilities of cells fol-
lowing SEMA3C knockdown were significantly reduced 
(Fig. 9g–j). In vitro results indicated an important role of 
SEMA3C in promoting tumor progression by enhancing 
the capacities of proliferation, migration, and invasion.

Discussion
The early detection, prevention, prognostic assessment, 
and intervention of TSCC are crucial in reducing the 
incidence and mortality rates and alleviating the substan-
tial socioeconomic burden [32]. Screening for potential 
TSCC susceptibility gene markers and uncovering their 
underlying mechanisms are considered effective strate-
gies. Our study showed that SEMA3C promoted TSCC 
cells growth, migration, and invasion. These results indi-
cated that SEMA3C, as a hub gene for TSCC, might be 
involved in regulating the progression of TSCC and could 

be a potential molecular biomarker for accurate diagno-
sis in TSCC.

In this study, we conducted integrative bioinformatics 
analysis to identify 543 DEGs between TSCC and con-
trols, and the functional enrichment analysis revealed 
the enrichment of terms related to growth, prolifera-
tion, migration, and invasion. Three machine-learning 
strategies, specifically WGCNA, and RF combined with 
LASSO, were employed to identify and determine the 
hub gene of TSCC. Bioinformatics analysis and machine 
learning strategies have been applied in oral squamous 
cell carcinoma, of which TSCC is one type, playing an 
important role in the diagnosis, prevention, and treat-
ment of the disease. Aspirin has been demonstrated to 
inhibit the proliferation of oral squamous carcinoma 
using bioinformatics and in vitro studies, and it may be 
developed as an effective chemopreventive agent for the 
treatment of oral squamous carcinoma [33]. Differen-
tially expressed genes and pathways with aberrant meth-
ylation are identified in oral squamous cell carcinoma by 
integrated bioinformatics analysis, that can help to reveal 
the underlying molecular mechanisms of oral squamous 
cell carcinoma [34]. Zhang et al. identified key modules 
and hub genes involved in the pathogenesis of OSCC 
by applying WGCNA to construct a gene co-expression 
network for the first time, and their study is of great sig-
nificance for exploring the mechanism of OSCC tumour-
igenesis and searching for new prognostic biomarkers 
and therapeutic targets [35]. Compared with previous 
studies, the integrated procedure used in this study has 
the distinct advantage of selecting common markers 
shared by the combination of the three algorithms [28, 
29], thus reducing the number of markers while sig-
nificantly improving the specificity and sensitivity of the 
identification indicators. Notably, SEMA3C emerged as 
the most significant hub gene through this comprehen-
sive approach, and the diagnostic efficacy of elevated 

Fig. 6  High expression SEMA3C promoted tumor process in TSCC. a–c GO-enriched items of SEMA3C in TSCC: BP (a), CC (b), and MF (c)
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Fig. 7  Single-cell RNA sequencing data analysis in TSCC tissues. a Expression of each group of cellular markers in different cells, demonstrating 
reliable cell definition. b Single cell cluster of 6 samples. c Percentage of tumor cells among cells expressing SEMA3C in 6 samples. SEMA3C 
was almost exclusively expressed in tumor cells, with low expression in other cells
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SEMA3C in distinguishing individuals with TSCC from 
those without was evaluated using ROC analysis, which 
yielded high-accuracy results. It is important to high-
light that the stable performance of SEMA3C expression 
was maintained across various validation datasets. These 
findings strongly support the notion that SEMA3C may 
potentially act as a causative factor in the onset of TSCC, 

thereby emphasizing its potential clinical utility in appli-
cations such as disease prediction, prevention, and per-
sonalized therapeutics.

Peacock et  al. found that SEMA3C is a secreted solu-
ble autocrine growth factor that promotes the growth of 
prostate cancer via Plexin B1- and NRP1‐mediated trans-
activation of EGFR, HER2/ErbB2, and MET signaling 

Fig. 8  Expression of SEMA3C in human TSCC and normal tissues. a, b Immunohistochemistry for SEMA3C in TSCC (a) and normal (b) tissues 
from human. c Quantitative analysis of SEMA3C (n = 6, ****P < 0.0001). d Gene expression of SEMA3C was detected by qRT-PCR. Gene expression 
for SEMA3C was significantly higher in TSCC compared with normal tissues (****P < 0.0001)

Fig. 9  SEMA3C knockdown inhibited cell proliferation, migration, and invasion in TSCC cells. c, d qRT-PCR for the mRNA expressions of SEMA3C 
in SCC9 (c) and SCC25 (d) transfected with shRNA of SEMA3C. a, b Cell proliferation was remarkably suppressed when endogenous SEMA3C 
was silenced as measured by CCK-8 viability assay. e, f The potentials of colony formation were significantly inhibited in SEMA3C-depleted cells 
as compared to control (shNT). g–j The migration (g, h) and invasion (i, j) abilities were significantly reduced in shSEMA3C-transfected cells 
in wound healing and transwell assays, respectively. Data shown here were mean ± SD from three independent experiments, *P < 0.05, **P < 0.01, 
***P < 0.001, ****P < 0.0001

(See figure on next page.)
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Fig. 9  (See legend on previous page.)
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with activation of downstream signaling pathways such 
as SRC, MAPK, and PI3K/AKT pathways [16]. SEMA3C 
expression is higher in pancreatic cancer than in nor-
mal tissue, positively correlated with tumor stage, and 
inversely correlated with patient survival. In vitro experi-
ments showed that SEMA3C promotes proliferation, 
invasion, and EMT of pancreatic cancer cells through 
activation of the ERK1/2 signaling pathway. In vivo exper-
iments showed that knockdown of SEMA3C attenuates 
tumor growth, and overexpression of SEMA3C increases 
tumor size and weight [36]. In gliomas, SEMA3C expres-
sion is closely linked to their severity [18]. Hao et  al. 
showed that combined inhibition of Wnt and SEMA3C 
pathways improves survival in a mouse model of glio-
blastoma [37]. Consistent with our results, it was shown 
that SEMA3C was significantly increased in TSCC, and 
its high expression was positively correlated with a poor 
prognosis. We also conducted a GO analysis of SEMA3C 
and found that SEMA3C was significantly enriched in 
BP regulation of cell proliferation (GO:0042127) and cell 
adhesion (GO:0007155). In our vitro experiments, we 
showed that deletion of SEMA3C in TSCC cells inhibited 
cell growth, migration, and invasion, consistent with the 
results of the previous study, indicating the feasibility of 
targeting SEMA3C therapy.

Our single-cell sequencing results showed that 
SEMA3C was mainly expressed in tumor cells. Greater 
than 90% of cells with SEMA3C expression in S1, S3, 
and S5 samples were tumor cells, while greater than 80% 
in S2, S4 samples, and 67.15% in S6 samples (due to the 
small number of tumor cells in the results). The above 
results suggest that targeting SEMA3C treatment has lit-
tle side effect on other cells.

There were several notable shortcomings in our 
research. Firstly, although the research results were vali-
dated through in vitro experiments, in vivo confirmation 
was lacking, and further verification of these findings is 
needed in vivo studies. Secondly, the pathological mecha-
nism of SEMA3C in the pathogenesis of TSCC is not yet 
clear, and further research is needed in the future.

Conclusion
In this study, we preliminarily screened the key marker 
gene of TSCC and revealed for the first time that 
SEMA3C is involved in the development of TSCC. We 
demonstrated that SEMA3C deletion inhibits TSCC cells 
growth, migration, and invasion in vitro. Thus, SEMA3C 
might serve as an early clinical marker for TSCC.

Abbreviations
TSCC	� Tongue squamous cell carcinoma
GEO	� Gene Expression Omnibus
ROC	� Receiver operating characteristic

SEMA3C	� Semaphorin3C
GO	� Gene Ontology
ScRNA-seq	� Single-cell RNA sequencing
ML	� Machine learning
WGCNA	� Weighted gene co-expression network analysis
LASSO	� Least absolute shrinkage and selection operator
RF	� Random forests
DEGs	� Differentially expressed genes
KEGG	� Kyoto Encyclopedia of Genes and Genomes
BP	� Biological process
CC	� Cellular component
MF	� Molecular function
AUC​	� Area under the curve
PCA	� Principal components analysis
UMAP	� Uniform Manifold Approximation and Projection
qRT-PCR	� Quantitative real-time polymerase chain reaction
DAB	� 3,3′-Diaminobenzidine
IHC	� Immunohistochemistry
CRPC	� Castration‐resistant prostate cancer
HNSCC	� Head and neck squamous cell carcinoma
OS	� Overall survival

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12935-​024-​03247-y.

Additional file 1: Table S1. Tongue carcinoma-related dataset from the 
GEO database. Table S2. Differentially expressed genes between tongue 
carcinoma and control. Table S3. Genes identified by multiple machine-
learning Strategies RF, LASSO, and WGCNA. Table S4. SEMA3C-related 
genes from the GSE31056 and GSE34105.

Author contributions
YYS, HW: study concept and design and drafting of the manuscript. HXD, CS: 
development of methodology, analysis, interpretation of data, data collecting, 
analysis, and interpretation. XYW, ZEF: in vitro cell functional experiments and 
immunohistochemistry. Critical revision of the manuscript for important intel-
lectual content and administrative support.

Funding
This research was supported by the National Natural Science Foundation of 
China (82201084), China Postdoctoral Science Foundation (2022M722232), 
Beijing Postdoctoral Research Foundation, Miaopu Project of Beijing Tiantan 
Hospital, Capital Medical University (2023MP10).

Availability of data and materials
The datasets used and/or analysed during the current study are available from 
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate
The studies involving human participants were reviewed and approved by 
the Research Ethics Committee of Capital Medical University. The participants 
provided their written informed consent to participate in this study.

Consent for publication
All the authors have read and approved the manuscript.

Competing interests
The authors have no relevant financial or non-financial interests to disclose.

Received: 26 November 2023   Accepted: 29 January 2024

https://doi.org/10.1186/s12935-024-03247-y
https://doi.org/10.1186/s12935-024-03247-y


Page 15 of 15Dou et al. Cancer Cell International           (2024) 24:58 	

References
	1.	 Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. Global 

cancer statistics 2018: GLOBOCAN estimates of incidence and mor-
tality worldwide for 36 cancers in 185 countries. CA Cancer J Clin. 
2018;68(6):394–424.

	2.	 Paderno A, Morello R, Piazza C. Tongue carcinoma in young adults: a 
review of the literature. Acta Otorhinolaryngol Ital. 2018;38(3):175–80.

	3.	 Bello IO, Soini Y, Salo T. Prognostic evaluation of oral tongue cancer: 
means, markers and perspectives (I). Oral Oncol. 2010;46(9):630–5.

	4.	 Zhang L, Zhou X, Yao X, Wu Y, Zhang Q, Zhang L. Oral tongue cancer 
patients show a better overall survival than base of tongue cancer 
patients. J Cancer Res Clin Oncol. 2012;138(2):341–6.

	5.	 Montero PH, Patel SG. Cancer of the oral cavity. Surg Oncol Clin N Am. 
2015;24(3):491–508.

	6.	 Huang ZS, Chen WL, Huang ZQ, Yang ZH. Dysphagia in tongue 
cancer patients before and after surgery. J Oral Maxillofacial Surg. 
2016;74(10):2067–72.

	7.	 Joseph BK. Oral cancer: prevention and detection. Med Princ Pract. 
2002;1:32–5.

	8.	 Li K, Du Y, Li L, Wei DQ. Bioinformatics approaches for anti-cancer drug 
discovery. Curr Drug Targets. 2020;21(1):3–17.

	9.	 Handelman GS, Kok HK, Chandra RV, Razavi AH, Lee MJ, Asadi H. 
eDoctor: machine learning and the future of medicine. J Intern Med. 
2018;284(6):603–19.

	10.	 Resteghini C, Trama A, Borgonovi E, Hosni H, Corrao G, Orlandi E, Calareso 
G, De Cecco L, Piazza C, Mainardi L, et al. Big data in head and neck 
cancer. Curr Treat Options Oncol. 2018;19(12):62.

	11.	 Su Y, Tian X, Gao R, Guo W, Chen C, Chen C, Jia D, Li H, Lv X. Colon cancer 
diagnosis and staging classification based on machine learning and 
bioinformatics analysis. Comput Biol Med. 2022;145(105409):19.

	12.	 Chen D, Liu J, Zang L, Xiao T, Zhang X, Li Z, Zhu H, Gao W, Yu X. 
Integrated machine learning and bioinformatic analyses constructed 
a novel stemness-related classifier to predict prognosis and immuno-
therapy responses for hepatocellular carcinoma patients. Int J Biol Sci. 
2022;18(1):360–73.

	13.	 Chen DL, Cai JH, Wang CCN. Identification of key prognostic genes of 
triple negative breast cancer by LASSO-based machine learning and 
bioinformatics analysis. Genes. 2022;13(5):902.

	14.	 Li J, Zhang Y, Lu T, Liang R, Wu Z, Liu M, Qin L, Chen H, Yan X, Deng S, 
et al. Identification of diagnostic genes for both Alzheimer’s disease and 
Metabolic syndrome by the machine learning algorithm. Front Immunol. 
2022;13:1037318.

	15.	 Bica C, Tirpe A, Nutu A, Ciocan C, Chira S, Gurzau ES, Braicu C, Berindan-
Neagoe I. Emerging roles and mechanisms of semaphorins activity in 
cancer. Life Sci. 2023;318(121499):10.

	16.	 Peacock JW, Takeuchi A, Hayashi N, Liu L, Tam KJ, Al Nakouzi N, Khazami-
pour N, Tombe T, Dejima T, Lee KC, et al. SEMA3C drives cancer growth 
by transactivating multiple receptor tyrosine kinases via Plexin B1. EMBO 
Mol Med. 2018;10(2):219–38.

	17.	 Zhang D, Lindstrom A, Kim EJ, Hwang CI, Hall ML, Lin TY, Li Y. SEMA3C 
supports pancreatic cancer progression by regulating the autophagy 
process and tumor immune microenvironment. Front Oncol. 2022;12: 
890154.

	18.	 Vaitkienė P, Skiriutė D, Steponaitis G, Skauminas K, Tamašauskas A, 
Kazlauskas A. High level of Sema3C is associated with glioma malignancy. 
Diagn Pathol. 2015;10(58):015–0298.

	19.	 Malik MF, Satherley LK, Davies EL, Ye L, Jiang WG. Expression of sema-
phorin 3C in breast cancer and its impact on adhesion and invasion of 
breast cancer cells. Anticancer Res. 2016;36(3):1281–6.

	20.	 Liu R, Shuai Y, Luo J, Zhang Z. SEMA3C promotes cervical cancer growth 
and is associated with poor prognosis. Front Oncol. 2019;9:1035.

	21.	 Miyato H, Tsuno NH, Kitayama J. Semaphorin 3C is involved in the pro-
gression of gastric cancer. Cancer Sci. 2012;103(11):1961–6.

	22.	 Chen Q, Chu L, Li X, Li H, Zhang Y, Cao Q, Zhuang Q. Investigation of an 
FGFR-signaling-related prognostic model and immune landscape in head 
and neck squamous cell carcinoma. Front Cell Dev Biol. 2022;9: 801715.

	23.	 Zhang G, Li T, Tan G, Song Y, Liu Q, Wang K, Ai J, Zhou Z, Li W. Identity of 
MMP1 and its effects on tumor progression in head and neck squamous 
cell carcinoma. Cancer Med. 2022;11(12):2516–30.

	24.	 Clough E, Barrett T. The gene expression omnibus database. Methods Mol 
Biol. 2016;1418:93–110.

	25.	 Reis PP, Waldron L, Perez-Ordonez B, Pintilie M, Galloni NN, Xuan Y, 
Cervigne NK, Warner GC, Makitie AA, Simpson C, et al. A gene signature 
in histologically normal surgical margins is predictive of oral carcinoma 
recurrence. BMC Cancer. 2011;11:437.

	26.	 Rentoft M, Coates PJ, Laurell G, Nylander K. Transcriptional profiling of 
formalin fixed paraffin embedded tissue: pitfalls and recommendations 
for identifying biologically relevant changes. PLoS ONE. 2012;7(4): e35276.

	27.	 Estilo CL, O-charoenrat P, Talbot S, Socci ND, Carlson DL, Ghossein R, 
Williams T, Yonekawa Y, Ramanathan Y, Boyle JO, et al. Oral tongue cancer 
gene expression profiling: identification of novel potential prognostica-
tors by oligonucleotide microarray analysis. BMC Cancer. 2009;9:11.

	28.	 Langfelder P, Horvath S. WGCNA: an R package for weighted correlation 
network analysis. BMC Bioinform. 2008;9(559):1471–2105.

	29.	 Pei X, Qi D, Liu J, Si H, Huang S, Zou S, Lu D, Li Z. Screening marker genes 
of type 2 diabetes mellitus in mouse lacrimal gland by LASSO regression. 
Sci Rep. 2023;13(1):023–34072.

	30.	 Hu J, Szymczak S. A review on longitudinal data analysis with random 
forest. Brief Bioinform. 2023;24(2): bbad002.

	31.	 Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, Müller M. 
pROC: an open-source package for R and S+ to analyze and compare 
ROC curves. BMC Bioinform. 2011;12(77):1471–2105.

	32.	 Peres MA, Macpherson LMD, Weyant RJ, Daly B, Venturelli R, Mathur MR, 
Listl S, Celeste RK, Guarnizo-Herreño CC, Kearns C, et al. Oral diseases: a 
global public health challenge. Lancet. 2019;394(10194):249–60.

	33.	 Zhang X, Feng H, Li Z, Guo J, Li M. Aspirin is involved in the cell cycle 
arrest, apoptosis, cell migration, and invasion of oral squamous cell carci-
noma. Int J Mol Sc. 2018;19(7):2029.

	34.	 Zhang X, Feng H, Li D, Liu S, Amizuka N, Li M. Identification of differen-
tially expressed genes induced by aberrant methylation in oral squamous 
cell carcinomas using integrated bioinformatic analysis. Int J Mol Sci. 
2018;19(6):1698.

	35.	 Zhang X, Feng H, Li Z, Li D, Liu S, Huang H, Li M. Application of weighted 
gene co-expression network analysis to identify key modules and hub 
genes in oral squamous cell carcinoma tumorigenesis. Onco Targets Ther. 
2018;11:6001–21.

	36.	 Xu X, Zhao Z, Guo S, Li J, Liu S, You Y, Ni B, Wang H, Bie P. Increased 
semaphorin 3c expression promotes tumor growth and metastasis in 
pancreatic ductal adenocarcinoma by activating the ERK1/2 signaling 
pathway. Cancer Lett. 2017;397:12–22.

	37.	 Hao J, Han X, Huang H, Yu X, Fang J, Zhao J, Prayson RA, Bao S, Yu JS. 
Sema3C signaling is an alternative activator of the canonical WNT path-
way in glioblastoma. Nat Commun. 2023;14(1):023–37397.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Integrated bioinformatics analysis of SEMA3C in tongue squamous cell carcinoma using machine-learning strategies
	Abstract 
	Introduction
	Methods and materials
	Dataset collection and processing
	Identification of differentially expressed genes
	Functional enrichment analysis of DEGs
	Screening and validation of hub genes
	Survival and statistical analysis
	Functional enrichment analysis of the hub gene
	Single-cell RNA sequencing data analysis
	Human TSCC samples
	Immunohistochemistry (IHC)
	Cell culture and transfection of SCC25 and SCC9 with shSEMA3C
	RNA extraction and qRT-PCR
	CCK-8 assay
	Colony formation assay
	Wound healing assay
	Transwell experiment
	Statistical analysis

	Results
	Identification of DEGs in TSCC and normal tissues
	GO and KEGG pathway analyses of DEGs
	The dimensionality reduction analysis of the screened genes based on machine learning algorithms
	SEMA3C was a robust diagnostic marker for TSCC
	Overexpression of SEMA3C was a prognostic risk factor in TSCC patients
	Function enrichment analysis of the SEMA3C in TSCC
	SEMA3C was specifically expressed in TSCC cells by scRNA-seq analysis
	SEMA3C was specifically expressed in TSCC clinical samples
	SEMA3C depletion inhibited cell proliferation and migrationinvasion in TSCC cells

	Discussion
	Conclusion
	References


