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To identify an apoptosis-related gene (ARG) prediction model for oral squamous cell
carcinoma (OSCC), we analyzed and validated the data from TCGA and GEO,
respectively. Kaplan–Meier survival analysis and ROC curves showed a good
prognostic ability of the model both in the internal training set and in the external testing
set. Furthermore, we built a nomogram using these ARGs to forecast the survival
probability of OSCC patients. Moreover, we evaluated the rate of immune cells
infiltrating in the tumor samples and found obvious, different patterns between the high
and low risk groups. GO and KEGG analyses demonstrated multiple molecular biological
processes and signaling pathways connecting with this prognostic model in OSCC. The
expression of these risk genes in clinical specimens was higher in the non-survival patients
than in the well-survival patients by immunohistochemical staining analysis. In conclusion,
we established a signature made up of six risk apoptosis-related genes to predict the
survival rate of OSCC. These genes could also be targets for the treatment of OSCC.

Keywords: oral squamous cell carcinoma, apoptosis-related genes, prognosis, nomogram, the cancer
genome atlas
INTRODUCTION

In 2020, almost 377,713 new cases and 177,757 deaths of OSCC occurred all around the world (1).
Traditionally, risk factors for OSCC include tobacco smoking, chewing betel nut, alcohol, excessive
sunlight exposure, HPV infection, and poor oral hygiene (2).The primary treatment for oral
squamous cell cancer (OSCC) patients is surgical resection plus chemotherapy and radiotherapy.
Despite of the advancements in all these treatments nowadays, the 5-year survival rate remains poor
(3). For decades, attempts to improve the prognosis have failed because of the complicated
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heterogeneity of tumors. Several patients are still over- or
undertreated due to the unsatisfactory forecasting efficiency of
conventional prognostic indicators and the uniformity of therapy
guidelines (4). Currently, no molecular subtype that can guide
individual targeted therapy has been recognized. Therefore,
researchers are eager to identify the specific carcinogenesis and
prognostic genes of OSCC.

Apoptosis or programmed cell death (PCD) is an
evolutionarily conserved process to promote the development
of organisms and keep the balance of tissue homeostasis (5). This
progress is described as the cell suicide process. Overactivation or
inactivation of apoptosis leads to diseases, such as Parkinson’s
disease and tumorigenesis (6, 7). Escaping from apoptosis was
considered as one of the 10 hallmarks of cancer. A great number
of studies have indicated the key role of apoptosis in
tumorigenesis and chemotherapy resistance (8). Researchers
tried to restore each defect of the apoptosis signaling pathway
and wiped out the cancer cells. They are focused on targeting the
anti-apoptotic Bcl-2 family member (9), p53 (10), c-FLIP, and
caspase families (11) (12). For example, myeloid cell leukemia-1
(MCL1), one of the anti-apoptotic proteins, has been identified
as a prospective therapeutic target. Previous studies showed the
potential value of apoptosis-related genes or proteins such as Bcl-
2 and Survivin in the diagnosis and treatment of OSCC (13).

Our research hopes to identify the key prognostic genes and
establish the core network of OSCC by using comprehensive
bioinformatics analysis based on apoptosis-related genes.
MATERIALS AND METHODS

The Collection of Apoptosis-Related
Genes
We extracted the apoptosis-related gene sets from the Gene Set
Enrichment Analysis (GSEA) dataset (http://www.gsea-msigdb.
org/gsea/index.jsp), Reactome dataset (https://reactome.org/),
and KEGG dataset (https://www.kegg.jp/kegg/). A total of 438
apoptosis-related genes (ARGs) were picked out and used
for analysis.

Data Acquisition
We got the RNA sequences and clinical information of 213
OSCC patients and 16 healthy human from TCGA database.
Another dataset including 97 OSCC patients with complete
follow-up data (GSE41613) was extracted from the GEO
database. The data from TCGA were recognized as an internal
training dataset, and the data from GEO were used as an external
testing dataset.

Identification of the Prognostic ARGs and
Construction of the Prognostic Model
InTCGAdataset,we conductedunivariateCox analysis andKaplan–
Meier (K-M) survival analysis to seek ARGs associated with overall
survival (OS) ofOSCC.WhenARGsmet the criteria of p-value <0.05
in the two tests referred above, they were recognized as prognosis-
related ARGs. These ARGs were selected for least absolute shrinkage
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and selection operator (LASSO). Next, we used multiple Cox
analyses to select the independent ARGs. The risk score could
be calculated by the following formula: Risk score=Expression level
of gene1 × b1 + Expression level of gene2 × b2 + Expression level of
gene3 × b3 +⋯.

b represents the coefficient. Therefore, we can acquire the risk
score of OSCC patients easily. Based on the median risk score, all
the patients were assigned into low-risk and high-risk groups.
Then, K-M analysis was conducted to value the difference in
survival rate between these two groups. In the study, the receiver
operating characteristic (ROC) curve was applied. The value of
the corresponding area under the ROC curve (AUC) could be
used to test the sensitivity of this model and compare the
forecasting accuracy with traditional clinical factors (14). In
addition, we conducted univariate and multivariate analyses to
assess the independent ability for predicting prognosis.
Moreover, the external testing dataset from GEO was used to
check the prognostic capability of the model.

Construction of Nomogram
Furthermore, we created a nomogram to predict the OS of the
OSCC patients on the basis of the independent prognostic ARGs.
A calibration curve was applied to assess the efficiency of the
nomogram. Finally, we verified the prognostic nomogram in the
external testing dataset in the same way.

Tumor-Infiltrating Immune Cell Analysis
To assess the infiltration pattern of immune cells in two risk
groups, we applied the CIBERSORT analysis (15). In order to
know more about the relationship between the immune
microenvironment and apoptosis, we conducted the correlation
analysis of nine types of immune cell and risk score.

Functional Enrichment Analysis
We conducted Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) analyses for these six ARGs. These
analyses discovered a series of molecular biological process and
multiple signaling pathways via the R package clusterProfiler 4.0
(16). Moreover, an interaction network was built to display the
correlation of six ARGs.

Unsupervised Clustering Analysis
Unsupervised clustering analysis was used to distinguish patient
subgroups with different apoptosis modification patterns based
on the expression of the six ARGs. With the “Consensus Cluster
Plus” R package, patients were assigned by k-means, with k from
2 to 9. On the grounds of the dispersion of the resulting
consensus clustering matrix, a cumulative distribution function
(CDF) curve, and the likelihood ratio, we obtained the optimal
number of clusters. Moreover, we compared the different
prognoses among the apoptosis clusters with K-M analysis.

The Pan-Cancer Analysis
We acquired the expression data of the six genes in pan-cancer
through GEPIA2. Then, we got the Cox proportional hazard
ratio by R survival package to explore the relationship of the six
genes and OS of pan-cancer.
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Immunohistochemical Staining
and Evaluation
Immunohistochemical (IHC) staining of MCL1, GPI, and
ARHGAP10 was performed using rabbit polyclonal anti-
MCL1, ant i -GPI , ant i -ARHGAP10 ant ibodies ( the
concentration was 1:2,000, Cat. 16225-1-AP, 15171-1-AO,
55139-1-AP, respectively, Proteintech, Wuhan, China). All
sections were scanned on an Aperio AT2 scanner (Leica
Biosystems, Wetzlar, Germany) with a ×20 objective lens. We
used Aperio ImageScope software to obtain the digital images of
sample sections. Five random fields of the same size were selected
in each slide. The H-score was carried out using the Aperio
ImageScope software (17). All the samples were acquired from
the first oral cancer radical surgery of the patients who had not
received radiotherapy or chemotherapy yet. The patients who
were diagnosed with oral squamous cell carcinoma for the first
time were free of other cancers.

Statistical Analysis
We conducted all statistical analyses and graphs through R
software. Cox proportional hazard regression analysis was used
for univariate and multivariate analyses. Overall survival times
were calculated by the Kaplan–Meier analysis. The H-scores of
different groups were compared with paired T test, and
significant difference was considered when p < 0.05.
Frontiers in Oncology | www.frontiersin.org 3
RESULT

Selection of Crucial Genes and
Identification of ARGs Associated
With OSCC Survival
We collected 438 ARGs from the GSEA gene set and the Reactome
and KEGG databases. Based on the criteria set as p < 0.05, and
hazard ratio >1, 18 ARGs were selected which are shown in the
forest plot (Figure 1A). These hub genes were incorporated in
LASSO analysis. Detailed information of the LASSO model optimal
parameter and LASSO coefficient profiles is displayed in
Figures 1B, C. Then, we used the multivariate Cox regression
analysis to filter these candidates and constructed a prognostic
signature. Finally, six ARGs (CTH, DNAJC3, IER3, MCL1, GPI,
ARHGAP10) were identified to establish an apoptosis-related
signature. Among these genes, MCL1, GPI, and ARHGAP10 are
associated with a higher risk than others because of the higher
hazard ratios (Figure 1D).

Prognosis Model Construction and
Risk Score Analysis
We used the six prognostic genes selected above as independent
factors to construct the prediction model. The expression value
of six genes could define the risk score accurately: Risk score =
(0.4874×expression value of CTH) + (0.5198×expression value of
A B

D

C

FIGURE 1 | Construction of the ARG model in the internal training dataset. (A) Forest plot showed that 18 risk genes were identified as prognostic ARGs through
univariate Cox regression analysis (HR >1, p < 0.05). (B, C) LASSO analysis further picked up 14 ARGs. (D) The multiple Cox regression screened six independent
predictors (CTH, DNAJC3, IER3, MCL1, GPI, ARHGAP10) of OSCC.
June 2022 | Volume 12 | Article 889049
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DNAJC3) + (0.2777× expression value of IER3) + (0.7352×
expression value of MCL1) + (1.0540×expression value of
ARHGAP10) + (0.8561×expression value of GPI). The median
risk score allocated patients into low-risk and high-risk groups
(Figure 2A). The results showed that the low-risk group has a
longer survival time than the high-risk one (Figure 2B). A heat
map reveals the different expression profile of six ARGs
(Figure 2C). The patients in the low- and high-risk groups
were gathered from different directions (Figure 2D). In addition,
K-M analysis also supported that the low-risk group had a higher
probability to survive (Figure 2E).

The ROC curves of the model showed a relatively good property,
and the corresponding AUCs for 1-, 3-, and 5-year survival were
0.733, 0.720, and 0.760, which are displayed in Figure 3A.
Univariate analysis results illustrated that the risk score (p <
0.001) significantly correlated with survival time as well as clinical
stage (p = 0.001), N stage (p = 0.001), and T stage (p < 0.001)
(Figure 3C). Then, the multivariable analysis also showed that the
risk score was the best independent predictor (p < 0.001) as shown
in Figure 3D. Moreover, the AUC of the risk score was the highest
compared to other factors such as age, gender, clinical stage, and T
and N stage, which demonstrated the superior forecasting
performance of our gene model (Figure 3B).

External Validation of the ARG Model
As supplements of Figure 2, we did the external validation of the
ARG signature. The patients were divided into two groups in the
external testing dataset with the same method as the internal
database (Figure 4A). Figure 4B shows a scattergram of risk
score, survival time, and status for the external testing dataset.
Frontiers in Oncology | www.frontiersin.org 4
The six ARGs presented a similar expression profile in the
heatmap (Figure 4C). The K-M analysis presented noticeably
different survival times between the two groups (Figure 4D). The
ROC curve and corresponding AUCs in the external testing
dataset were showed in (Figure 4E).

Nomogram to Predict Survival Probability
of OSCC
We developed a nomogram to estimate the survival time of
OSCC quantificationally. As shown in Figure 5A, six ARGs were
appointed with specific points according to its contribution to
survival. The calibration curves to predict the survival rate were
closer to diagonal, which showed an excellent effect in both the
internal and external datasets (Figures 5B, C).

Immune Cell Infiltration Between Low-Risk
and High-Risk Groups
We analyzed the component of 22 immune cells in tumor
samples. Whether in the internal database or in the external
database, great differences of immune cell infiltration were
detected in the two groups divided by the median risk score
(Figures 6A, B). The immune cells patiently played an
appropriate role in some way through the six ARGs.

In TCGA internal database, the infiltration amount of NK
cells resting, mast cells activated, dendritic cells activated, and
eosinophils in the high-risk group were much more abundant.
However, T-cells regulating (Tregs), T-cells CD8, mast cells
resting, and NK cells activated in the high-risk group were
much less obvious (Figure 6C). In the GEO external validating
database, the infiltration of eosinophils and Tregs also showed
A

B

C

D

E

FIGURE 2 | Prognosis analysis of the internal training dataset. (A) The median risk score allocated OSCC patients in TCGA into two groups. From left to right, the
risk scores were ascending and each dot represents an individual. (B) Patients with different survival times and statuses were arranged with the increasing risk score
from left to right; clearly, the dead patients have higher risk score. (C) The heatmap showed expression profile of the six risk genes. The expression level from high to
low was manifested with the colors from red to blue. (D) The high- and low-risk groups were gathered in two directions through the PCA analysis. (E) Kaplan–Meier
analysis showed different prognosis between the two groups.
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A B

DC

FIGURE 3 | The ARG prognostic signature shows good predictive performance in the internal training dataset. (A) The ROC curves of the ARG model for the 1-,
3-, and 5-year survival rates, and the corresponding AUC was 0.733, 0.720, and 0.760. (B) The AUC value of the risk score (0.744) showed superior predictive
performance than age (0.577), gender (0.505), grade (0.538), stage (0.594), T stage (0.630), and N stage (0.569). (C) The risk score was a significant dangerous
factor to influence the OS with HR = 1.787 (95% CI = 1.420–2.249, p <0.001). Other clinical factors such as stage with HR = 1.771 (95% CI = 1.258–2.439, p =
0.001), T stage with HR = 1.582 (95% CI = 1.215–2.059, p < 0.001), and N stage with HR = 1.590 (95% CI = 1.203–2.101, p = 0.001) were significant as well.
(D) The risk score had excellent independent prediction ability with HR = 1.804 (95% CI = 1.400–2.326, p < 0.001) in multivariate Cox regression analysis.
A

B

D

E

C

FIGURE 4 | External testing of the ARG model. (A) Patient with different risks were separated into two groups via the same median risk score in the internal
database. (B) Patients in the external dataset with different survival times and statuses were arranged by the increasing risk score from left to right. (C) The heatmap
of the six risk ARGs in the external database showed the same expression pattern. (D) Kaplan–Meier analysis showed different prognoses between the two groups
as well. (E) The ROC curves of the models for survival rate in the external testing dataset.
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the same tendency between the two groups (Figure 6D). Then,
the correlation analysis further shed light on the relevance of risk
score and nine immune cells (Figure 7). Plasma cells,
macrophages M0, mast cells activated, eosinophils, and NK
cells resting had positive correlations with the risk score. In
contrast, T cells CD8, Tregs, mast cells resting, and NK cells
activated correlated with the risk score in a negative way. Based
on the formula of risk score, we knew that the correlation of
genes and immune cells is consistent with the correlation of risk
score and immune cells. Therefore, the higher the expression of
risk genes, the higher the ratios of plasma cells, macrophages M0,
mast cells activated, eosinophils, and NK cells infiltrated in
the tumor.

Functional Enrichment Analysis and
Correlation Network of the Six
Prognostic ARGs
Significant enrichments were found in cellular response to
unfolded proteins, endoplasmic reticulum unfolded protein
response, cellular response to topologically incorrect proteins,
response to unfolded proteins, and so on (p < 0.05, FDR < 0.05)
(Figure 8A). Moreover, KEGG analysis demonstrated that these
ARGs were prominently enriched in nucleotide and sugar
metabolism, response to unfolded proteins, glycolysis/
Frontiers in Oncology | www.frontiersin.org 6
gluconeogenesis, starch and sucrose metabolism, and bacterial
invasion of epithelial cells (Figure 8B).

An interaction network of the potential correlation between
the six ARGs was established. The network contained nine edges
and six nodes (CTH, DNAJC3, IER3, MCL1, ARHGAP10, GPI),
as shown in Figure 8C. The correlation between MCL1, GPI,
IER3, and ARHGAP10 was negative, while the remaining
correlations were positive.

Unsupervised Clustering Analysis
Unsupervised clustering analysis was used to divide patient
subgroups with different apoptosis modification patterns based on
the expression of six ARGs. The clustering heatmap and changes in
area under the proportion of the ambiguous cluster curve are shown
in Figures 9A, B. One hundred sixty-two cases in TCGA-OSCC
and GSE41613 OSCC cohorts were assigned to apoptosis cluster A,
while 147 cases were included in cluster B. The survival analysis
showed a significant survival difference between two apoptosis
clusters (log-rank p value <0.001) (Figure 9C).

Pan-Cancer Analysis
In order to have a more comprehensive understanding of these six
risk genes with various types of cancer, we conducted some work
of pan-cancer analysis. The expression of genes in pan-cancer is
C

A B

FIGURE 5 | Nomogram to predict the survival probability. (A) The six ARGs formed the prognostic nomogram that can be used to calculate 3- and 5-year survival
rates. The expression values of each gene were assigned to a unique point. The total points of six genes from one patient correspond to the specific survival rate of
3 or 5 years. (B) The calibration plots showed that the predicted OS of nomogram is close to the observed OS rate in the internal dataset. (C) The calibration plots
showed the same accuracy of nomogram in the external dataset.
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shown in a heatmap of (Supplementary Figure 1). The expression
level of genes is specific to cancer species. We also get the hazard
ratio of each gene in different cancers (Supplementary Figure 2).

Immunohistochemical Validation
We collected the pathological samples from the non-survival and
survival patients. MCL1, GPI, and ARHGAP10 were strongly
positive in the samples from non-survival patients and negative
in the survival groups (Figure 10A). The semiquantitative
comparison of the H-score between two groups also showed
that these three genes were expressed more highly in non-
survival patients (Figure 10B). Therefore, our experiment also
Frontiers in Oncology | www.frontiersin.org 7
validated that MCL1, GPI, and ARHGAP10 were risk genes
which can predict the prognosis of OSCC.
DISCUSSION

In the present study, we acquired information and gene sets from
213 OSCC patients for analysis, and p values <0.05 were singled
out for further analyses. We constructed a model made up of six
biomarkers to estimate the survival time of OSCC patients. In
accordance with the risk score, OSCC patients were successfully
allocated into low- and high-risk groups with distinct prognosis.
A

B D

C

FIGURE 6 | Tumor immune cell infiltration analysis. (A) Ratio of 22 kinds of immune cells infiltrated in OSCC tumor samples from TCGA. (B) Ratio of 22 kinds of
immune cells infiltrated in OSCC tumor samples from GEO. (C) The ratio of immune cells in the high-risk group is different from the low group in TCGA. (D) The ratio
of immune cells in the high-risk group is different from the low group in GEO.
A B D E

F G IH J

C

FIGURE 7 | Correlation analysis of immune cell infiltration and risk scores. (A) PCA analysis showed a distinct immune cell infiltration pattern in two groups. (B–J)
Correlation analysis of risk scores and nine types of the immune cells.
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Moreover, the ARGmodel was an independent forecasting factor
with better efficiency compared to previous traditional clinical
factors. Moreover, we used the six genes to build a novel
nomogram that can provide superior estimation of OS.
However, the underlying mechanisms of these results still need
to be further investigated.

In recent years, numerous studies have confirmed the
relationship between apoptosis and cancer (1, 7, 11). Apoptotic
signal pathways can be changed at transcriptional, translational,
and posttranslational levels in cancer cells. Several proteins, such
as the BCL-2 family, have been shown to function in the process
of apoptosis and cancer (18, 19). Myeloid cell leukemia-1
(MCL1), which is well known for its anti-apoptotic role in the
Bcl-2 family, is a distinct cell regulatory protein. MCL1 is
required for cell survival, differentiation, and maintenance (20).
Recent studies have also revealed that MCL1 is a therapeutic
prospective target in cancers (21, 22). Knocking down MCL1
could induce the apoptosis of OSCC cells through increasing the
Frontiers in Oncology | www.frontiersin.org 8
sensitivity to drugs. Moreover, MCL1 antagonist Sabutoclax
could increase cancer cell death in OSCC as well (23).

Glucose-6-phosphate isomerase (GPI) is one of the members
in the glucose phosphate isomerase protein family. GPI plays a
crucial part in the process of glycolysis and gluconeogenesis (24,
25). Earlier studies showed that GPI could be used as a
prognostic biomarker in cancer because of its important work
in the cell cycle (26, 27). In our study, GPI was a risk gene
because a higher expression was associated with poor prognosis.
However, the role of GPI in OSCC needs to be explored in detail.

ARHGAP10 is a member of the RhoGAP protein group,
which can convert the active form to inactive form (28).
Downregulating the expression of ARHGAP10 could lead to a
more advanced stage and a higher Ki-67 index in breast cancer
(29). Luo pointed out that ARHGAP10 may serve as a tumor
inhibitor through suppressing adhesion, migration, and invasion
of the ovarian cancer cells (30). Teng also found the same
phenomenon in lung cancer (31). These results seem opposite
A B

C

FIGURE 8 | Functional enrichment analysis and the construction of network. (A) GO analysis of the six prognostic ARGs. (B) KEGG analysis of the six prognostic
ARGs. (C) Correlation network of the six prognostic ARGs. Red means a positive interaction, and blue indicates a negative interaction.
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to our analysis and IHC validation in OSCC. However, in
prostate cancer, Hua Gong claimed that a high expression of
ARHGAP10 correlates with poor prognosis, which supports our
result (32). The mechanisms underlying the paradox that the
same molecule plays a different role in different cancers need to
be further studied.
Frontiers in Oncology | www.frontiersin.org 9
The immune microenvironment has great impact on the
tumorigenesis of OSCC (33). TIL plays a key part in cancer
genesis, especially in immune evasion (34, 35). In our research,
the correlation analysis sheds light on the connection of risk
score and immune cells. It is meaningful to explore the mutual
effect of tumor cells and immune cells. Studies about CAR T cells
A B C

FIGURE 9 | Unsupervised clustering analysis. (A) The clustering heatmap relevant to the consensus matrix for k = 2 acquired by consensus clustering. (B)
Corresponding changes in area under proportion of ambiguous cluster curve with k from 2 to 9. (C) K-M analysis demonstrated an obvious survival difference in two
apoptosis clusters.
A

B

FIGURE 10 | The experiment validation of the apoptosis-related prognostic gene model. (A) The protein expressions of three apoptosis-related prognostic genes
were dramatically different in dead and alive patients who had oral cancer 3 years ago. (B) Corresponding H-score of protein expression of three apoptosis-related
prognostic genes. **** means p < 0.0001.
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targeting solid tumors (36), B cell-based immunotherapy for
lung cancer (37), dendritic cell-based vaccination, and so on,
provided a new insight to develop more effective therapy
regimens (38). Other research focused on the TILs and OSCC
also revealed similar results (39), although how the TILs interact
with these six prognostic ARGs specifically still requires
deeper research.

Some limitations still need to be considered in our study. The
construction and validation of prognostic signature were based
on the previous published database. If we could use the data from
a real-life clinical cohort, maybe we can acquire more reliable
and meaningful discoveries. The six prognostic ARGs and
nomogram should be tested in subsequent studies and
clinical trials.

In conclusion, we identified six risk biomarkers, namely,
MCL1, GPI, ARHGAP10, CTH, DNAJC3, and IER3,
associated with prognosis of OSCC through a comprehensive
bioinformatics analysis based on TCGA database and apoptosis-
related gene sets. The gene signature and nomogram might
provide a precise prognostic prediction of OSCC, which will
help clinicians to formulate individual treatment strategies for
their patients. These genes identified could also be therapeutic
targets for OSCC.
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