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A Prognostic Model Based on Cisplatin-Resistance Related
Genes in Oral Squamous Cell Carcinoma

Rong Lu2* / Qian Yangb* / Siyu Liu¢ / Lu Sund

Purpose: To screen for the cisplatin resistance-related prognostic signature in oral squamous cell carcinoma (OSCC) and
assess its correlation with the immune microenvironment.

Materials and Methods: The gene expression data associated with OSCC and cisplatin-resistance were downloaded from
TCGA and GEO databases. Cisplatin-resistant genes were selected through taking the intersection of differentially ex-
pressed genes (DEGs) between tumor and control groups as well as between cisplatin-resistant samples and parental
samples. Then, prognosis-related cisplatin-resistant genes were further selected by univariate Cox regression and LASSO
regression analyses to construct a survival prognosis model. A GSEA (gene set enrichment analysis) between two risk
groups was conducted with the MSigDB v7.1 database. Finally, the immune landscape of the sample was studied using
CIBERSORT. The IC50 values of 57 drugs were predicted using pRRophetic 0.5.

Results: A total 230 candidate genes were obtained. Then 7 drug-resistant genes were selected for prognostic risk-score
(RS) signature construction using LASSO regression analysis, including STC2, TBC1D2, ADM, NDRG1, OLR1, PDGFA and
ANO1. RS was an independent prognostic factor. Additionally, a nomogram model was established to predict the 1-, 2-,
and 3-year survival rates of samples. The GSEA identified several differential pathways between two risk groups, such as
EMT, hypoxia, and oxidative phosphorylation. Fifteen immune cells were statistically significantly different in infiltration
level between the two groups, such as macrophages M2, and resting NK cells. A total of 57 drugs had statistically signifi-
cantly different IC50 values between two risk groups.

Conclusion: These model genes and immune cells may play a role in predicting the prognosis and chemoresistance in

OSCC.
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H ead and neck squamous cell carcinoma (HNSC) is a sig-
nificant public health problem around the world.#2 Among
HNSC cases, oral squamous cell carcinoma (OSCC) accounts for
30%.42 Smoking, drinking alcohol, and chewing areca nut are
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the main risk factors for OSCC.3:21 377,713 new cases and
177,757 deaths from OSCC were reported worldwide in 2020.35
With the increase in the morbidity and mortality, OSCC pres-
ents a 5-year survival rate of<50%.28 Importantly, OSCC has a
high recurrence rate of 18% to 76%, even in patients who re-
ceived standard treatments. Patients with recurrent and meta-
static disease have a particularly poor prognosis.40 Hence, ex-
ploring effective prognostic models is essential for predicting
the survival of OSCC patients and guiding clinicians throuh the
treatment process.

Recently, there have been some prognostic gene-signatures
identified in OSCC,2:40 but the predictive value needs further
validation. Currently, for the treatment of OSCC, chemotherapy
is an effective method, especially for patients with advanced
cancers.” Chemotherapy can reduce the distant metastasis
rates and preserve organ function, with or without combined
local/regional therapy.25 Cisplatin is a potent chemotherapeu-
tic agent, and acts cytotoxically by forming intra-strand DNA
cross-linked adducts.26 However, in some patients, the thera-
peutic effects of cisplatin-induced DNA damage resulting in
apoptosis may be diminished, and consequent drug resistance
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is a main limitation of this chemotherapy. Cisplatin-resistance
has led to a worse prognosis for patients with 0SCC.3031 There-
fore, it is critical to identify cisplatin-resistance biomarkers in
order to predict the therapeutic response and prognosis of
OSCC patients. However, to the authors’ best knowledge, a cis-
platin resistance-related prognostic model has not yet been
reported for OSCC.

This study aimed to screen for a cisplatin-resistance-related
prognostic signature in OSCC and assessed its correlation with
the immune microenvironment. The gene expression data as-
sociated with OSCC and cisplatin resistance were downloaded
from the TCGA and GEO databases. Cisplatin-resistant genes
were selected through taking the intersection of differentially
expressed genes (DEGs) between tumor and control groups as
well as between cisplatin-resistant and parental samples.
Then, prognosis-related cisplatin-resistant genes were further
selected by univariate Cox regression and LASSO regression
analyses to a construct survival prognosis model. Finally, the
immune landscape of the sample was studied.

MATERIALS AND METHODS

Acquisition and Screening of Expression Profile Data
Gene expression RNAseq sequencing data (log2 (fpkm+1)) of
HNSC were downloaded from the UCSC Xene platform.15> Sam-
ples from tongue, mouth, gum, lip, cheek mucosa and palate
were selected. Then, samples with number “-01A” were
screened as an OSCC sample for analysis, while the sample
with number “-11A” served as a normal control sample. A total
of 255 cancer and 19 normal control samples were included,
and the 255 OSCCs provided both survival and clinical informa-
tion. According to the downloaded gene annotation file GEN-
CODE V22, the genes with annotation information as “protein_
coding” were reserved for analysis.

The OSCC data set GSE42743 was downloaded from the
NCBI GEO database. In all, 71 OSCC samples with survival infor-
mation were selected from this dataset. Additionally,
GSE111585 and GSE115119 were also downloaded. GSE111585
contains three cisplatin-resistant tongue squamous-cell carci-
noma (TSCC) cell lines and three parental SCC9 cell lines.
GSE115119 contains two cisplatin-resistant TSCC cell lines and
two parental CAL-27 cell lines. Furthermore, the preprocessed,
standardised and log2-transformed probe expression matrixes
were downloaded. The annotation file of the platform was
downloaded for one-to-one matching of probe number and
gene symbol.

Screening of Cisplatin Resistance Genes

Based on the gene expression matrices of GSE111585 and
GSE115119, differential gene analysis was carried out on cispl-
atin-resistant vs parental cell lines using the classical Bayesian
method in limma 3.10.3.34 BH correction was adopted to obtain
the adjusted p-value of DEGs. The adjusted p<0.05 and
|logFC|>1 were the thresholds. After that, the DEGs from two
datasets were compared, and the genes with consistent up-
and down-regulation were screened as cisplatin-resistant
genes.
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Screening of Candidate Genes

Based on the gene expression matrices of TCGA-OSCC, differen-
tial gene analysis of tumor vs normal was performed as above.
The thresholds of DEGs were set as follows: adjusted p<0.05
and |logFC|>0.5. The obtained DEGs were then intersected as
the candidate genes.

Prognosis-related Differentially Expressed Resistant
Genes (DERs) Screening

Based on the expression levels of DERs in all OSCC samples,
combined with the survival and prognosis information of the
samples, univariate Cox regression analysis was carried out using
R3.6.1 survival 2.41-141 to screen telomerase genes related to the
overall survival prognosis. p<0.05 was used as the threshold.

Construction of the Prognostic Signature of DERs

On the basis of the DERs statistically significantly related to
survival prognosis obtained in the previous step, combined
with the survival prognosis information of the training set
TCGA-OSCC samples, a LASSO Cox regression model38 in
R3.6.1 glmnet 2.0-1811 was used to further screen prognosis-
related resistance genes. After that, the following Risk Score
(RS) model was constructed:

RS=3PgeneXEXpgene

where Bgene represents the LASSO Cox regression coefficient of
each gene in the differential resistance gene combination, and
Expgene represents the expression level of each gene in the
differential resistance gene in each sample.

Further, in order to verify the the model, the RS values of
each OSCC sample in the training (TCGA-OSCC) and verification
(GSE42743) sets were calculated by using the same regression
coefficient. Then, all OSCC samples from the training and veri-
fication sets were divided into high- and low-risk sample
groups, respectively, according to the RS median. The associ-
ation between the risk groups and actual survival prognosis
was assessed using the Kaplan-Meier (KM) survival curve
method 2.41-1. At the same time, combined with the survival
information of the samples, the 1, 2, and 3-year survival-pre-
diction receiver operator characteristic (ROC) curves of the
model were drawn in the training and verification sets.

Correlation Analysis Between RS and
Clinicopathological Characteristics

In the training set of TCGA-OSCC samples, the Wilcoxon test
was applied to calculate the significant difference of RS be-
tween the groups according to the clinical characteristics, and
a box-and-whisker plot was drawn. Additionally, KM survival
curves of RS under different clinical factor grouping were
drawn and the logRank test was used to calculate p-values.

Independent Analysis of the Prognostic Model and
Establishment of the Normgram

To determine whether the RS model can serve as an indepen-
dent prognostic factor, univariate Cox regression analysis was
conducted for age, gender, neoplasm histologic grade, tumor
stage, pathologic N, pathologic T, and RS. Variables with p<0.05
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Fig1l Screening of differentially a GSE111585
expressed resistance genes. (a) T
and (b): Volcanic map and heat
map of differentially expressed
genes (DEGs) between cisplatin
resistant vs. parental in
GSE111585 (a) and GSE115119
(b). (c): The intersection Venn
diagram of cisplatin-resistance
genes. (d): Volcanic map and
heat map of DEGs in tumor vs
normal. (e): The intersection
Venn diagram of DEGs in tumor
vs. normal and cisplatin resistant
vs parental.
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were further subjected to multivariate Cox regression analysis GSEA of HALLMARK Gene Sets Between Risk Groups
to further screen out variables with p<0.05 as independent With MSigDB v7.123 database h.all.v7.4.symbols.gmt as the en-

prognostic factors. A nomogram was drawn with these indepen- richment background, a GSEA was performed using R cluster-
dent prognostic factors. Meanwhile, the calibration curve and Profiler4> on the basis of the expression values of all genes in
the 1, 2, and 3-year survival-prediction ROC curves were drawn. TCGA-OSCC samples and combined with the risk grouping in-
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Fig2 Prognostic-related DERs screening and prognostic signature of DERs construction. (a): Univariate regression forest maps of 7 prognosis-related
differentially expressed resistant genes (DERs). (b): LASSO filter parameter diagram. (c) and (f): RS distribution and survival time state in TCGA and
GSE42743. (d) and (g): KM curves related to 8 optimized gene prognostic models in TCGA and GSE42743. Blue and red curves represent low risk and
high risk sample groups respectively. (e) and (h): ROC curve curves of 7 optimal gene prognostic models in TCGA and GSE42743. (i) and (j): Expression
heat maps of model genes in training set TCGA OSCC (i) and validation set GSE42743 (j).
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formation of the samples. Adjusted p<0.05 was considered a
statistically significant enrichment result.

Associations Between Risk Groupings with Immune
Microenvironments

In order to observe the differences of immune microenviron-
ment between risk groups, the CIBERSORT? algorithm was
used to calculate the proportion of 22 kinds of immune cells
according to the gene expression levels in TCGA-OSCC samples.
Furthermore, combined with the risk grouping of samples, the
Wilcoxon test was used to calculate the p-value. Then, Spear-
man’s correlation coefficient and the corresponding statistical
significance of the p-value between the model gene and the
differential immune cells were calculated, and the correlation
heatmap was drawn. The results with correlation coeffi-
cient>0.3 and p<0.05 were depicted in a scatter diagram.

Relationships Between Risk Groups and Immune
Checkpoint Gene Expression

The expression levels of immune checkpoint genes (PDCD1
(PD-1), CD274 (PD-L1), IDO1, CTLA4, TIGIT, CD96, PVR and
LAG3) were extracted from the TCGA-OSCC dataset. The Wil-
coxon test was used to compare the intergroup differences.

Drug Sensitivity Analysis in High- and Low-risk Groups
To observe the differences of IC50 values of sensitivity to com-
mon chemotherapy agents between two risk groups, the pR-
Rophetic algorithm was used to construct a Ridge regression
model to predict the IC50 of drugs according to the GDSC cell-
line expression profile and the TCGA-OSCC gene expression
profile. Here, R package pRRophetic 0.513 was used to predict
IC50 values based on the common drugs provided in this pack-
age, and the Wilcoxon test was used to calculate statistically
significant differences.

Analysis of Differences Between High- and Low-risk
Groups
With the gene expression matrixes of TCGA-OSCC tumor sam-
ple, DEGs of high-risk vs. low-risk were identified as above. The
thresholds were adjusted p<0.05 and |logFC|>0.5.
Furthermore, GO! (including BP, CC, MF) and KEGG path-
way!8 enrichment analyses were carried out on the DEGs be-
tween the two risk groups based on the online tool DAVID.32
The number of enriched genes=2 and p<0.05 were set as
thresholds. The top 10 items were selected for display.

RESULTS

Data Preprocessing and Resistance Genes Screening

After gene annotation, the expression values of 19,710 genes in
255 cancer samples and 19 normal samples in the TCGA data-
base were finally obtained. Differential analysis of cisplatin-
resistant vs parental cell lines identified 571 up- and 494 down-
regulated genes in GSE111585, and 465 up-regulated and 371
down-regulated genes in GSE115119. Volcanic maps and heat
maps of the two datasets are shown in Figs 1a and 1b, respect-
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ively. The intersection of up- and down-regulated DEGs in the
two datasets was uniformly taken, as shown in Fig1c, and 261
up-regulated and 266 down-regulated drug-resistant genes
were finally obtained.

Screening of Candidate Genes

A total of 4693 DEGs were obtained by differential analysis of
tumor vs normal (Fig1d). Then, these DEGs and the above-
mentioned drug-resistant genes were intersected, and as
shown in Fig5, 230 DERs were obtained (Fig le).

Prognostic-related DERs Screening and Prognostic
Signature of DERs Construction

Based on the DERs, univariate Cox regression was performed,
which yielded 7 genes (p<0.05) (Fig2a). The LASSO Cox regres-
sion algorithm identified 7 optimized drug-resistant gene com-
binations for model construction, including STC2, TBC1D2,
ADM, NDRG1, OLR1, PDGFA and ANOL1 (Fig2b).

According to the LASSO Cox regression coefficients of 7 opti-
mised drug-resistant genes and their expression levels in each
sample of the TCGA training set and the GSE42743 validation
set, an RS model was constructed. The RS of each sample is
shown in Figs2c and 2f. Then, samples from the training and
verification sets were grouped into high- and low-risk samples.
The association between the risk grouping and actual disease-
prognostic information was evaluated using a KM curve. As
shown in Figs 2d and 2g, the prognosis in the low-risk group was
statistically significantly better than that in the high-risk group.
The 1-, 2- and 3-year survival prediction ROC curves are shown
in Figs 2e and 2h. The results indicated a statistically significant
correlation between two risk groups predicted by the RS model
and actual prognosis. The heatmaps of model genes in training
and validation sets revealed that the expression of model genes
increased with increasing risk score (Figs 2i and 2j).

Correlation Analysis Between RS and
Clinicopathologic Characteristics

In the training dataset, statistically significant differences were
identified in RS between two risk groups at the T stage, tumor
stage and neoplasm_histologic_grade, while other clinical fac-
tors did not differ statistically significant between groups
(Fig3a). According to different clinical characteristics, KM sur-
vival curves of RS under different clinical factor groups were
drawn (Fig3b).

Independent Analysis of Prognostic Model and
Normgram Establishment

Following univariate and multivariate Cox regression analyses,
age, pathologic_N and RS were considered to be independent
prognostic factors (Fig4a), and a nomogram was drawn for
these factors (Fig4b). The survival time of the samples was pre-
dicted on the basis of the “Total Points” axis in the first line.
The predicted 1-, 2-, and 3-year survival rates were in accor-
dance with the actual survival rates (Fig4c). The AUCs of 1-, 2-,
and 3-year ROC curves were 0.681, 0.735 and 0.757, respect-
ively (Fig4d). In addition, decision curves for gender, patho-
logic N, stage and RS model are presented in Fig4e.
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Fig3 Correlation analysis between RS and clinicopathologic characteristics. (a): Box-and-whisker plots of RS distribution across different
clinical groups (top numbers indicate significant p-values). (b): KM curves of RS between different clinical groups (red represents high-risk
group, black represents low-risk group).

44

Oral Health & Preventive Dentistry



Luetal

a
Univariate regression Multivariate regression
p-value Hazard ratio : p-value Hazard ratio, 1
I 1
age 0,033 1.018(1.001-1.036) 4 i
1
: age 0.008 1.027(1.007-1.048) ‘
gender 0.405 0.843(0.563-1.261) F Iq :
1 1
neoplasm_histologic_grade 0.221 1.206(0.893-1.628) |:. - pathologic_N 0.002 1.616(1.191-2.193) :|-—{
1 1
1
pathologic_N <0.001 1.562(1.238-1.970) : [ !
: pathologic_T 0.130 1.301(0.926-1.827) ‘- -
pathologic_T <0.001 1.494(1.214-1.838) sl !
- )
. e Ti63B283-2142) : tumor_stage 0.955 0.985(0.588-1.651) |-:—|
: b= h
1 1
. 1
Risk score <0001 21053(1:90374.903) ; - i Risk score <0.001 2.833(1.609-4.986) ' ——
0123 45 0 2 4
Hazard ratio Hazard ratio
b
0 10 20 30 40 50 60 70 80 90 100
Points
Age r
10 20 30 40 50 60 70 80 90
. No N3
pathologic_N —t !
N1 N2
Risk score r T T T T T 1
15 2 25 3 3.5 4 45 5
Total Points r T T T T T T v r )
0 20 40 60 80 100 120 140 160 180
1-year survival probability
0.95 0.9 08 07 0605040302
2-year survival probability r T T r — T ]
0.95 0.9 0.8 07 0605040302 041
3-year survival probability g u T y | T T g )
0.95 0.9 08 07 0605040302 01
C
5 d e
5
& o i_dx o o
e g I// ~ > — age
8 - —— pathologic_N
4 3 —— RiskScore
5 o ] @ ® fegarh
s ° T T T T T T s None
) 00 02 04 06 08 10 g g
< © 1
Nomogram-Predicted Probability of 1-Year OS % g = g °
2 o
= g,
" £ o | g °
s g - ¢
8 . a 3
g =] P .
a ° ] __—— i o
(o] o
? = i —— 1-Year ROC (AUC = 0.681) =
e & —— 2-Year ROC (AUC = 0.735) ©
SRS T T T T T o | —— 3-Year ROC (AUC = 0.757) : . T T T :
2 0.0 0.2 0.4 0.6 0.8 1.0 = T T T T T T 0.0 02 04 06 08 1.0
< High Risk Threshold
Nomogram-Predicted Probability of 2-Year OS 0.0 0.2 0.4 0.6 0.8 1.0 r T T T T 1
o 1:100 14 23 32 41 100:1
False Positive Rate Cost:Benefit Ratio
g
£ =] i
8 - 15
& = 1 =
§ <] L
1
3 S T T T T T
-E 0.0 0.2 0.4 06 08 1.0
<
Nomogram-Predicted Probability of 3-Year OS
Fig4 Independent analysis of prognostic model and normgram establishment. (a): Forest maps of clinical factors in univariate and multivariate
Cox regression analyses. (b): Independent prognostic factors nomogram of survival prediction model. (c): Calibration curve of 1-, 2-, and 3-year
survival predictions with actual survival. (d): The 1-, 2-, 3-years ROC curves of nomogram. (e): Decision curves for gender, pathologic N, stage and
RS model.
45

doi: 10.3290/j.0hpd.b4836127



Luetal

== HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
~— HALLMARK_G2M_CHECKPOINT

°
o

== HALLMARK_HYPOXIA
== HALLMARK_MITOTIC_SPINDLE
== HALLMARK_TNFA_SIGNALING_VIA_NFKB

°
=

Running Enrichment Score
°
S

0.0

i 4t

Running Enrichment Score

0.2

°
o

°
»

-0.4

Mnm

~— HALLMARK_ALLOGRAFT_REJECTION
~— HALLMARK_BILE_ACID_METABOLISM

— HALLMARK_FATTY_ACID_METABOLISM

~— HALLMARK_KRAS_SIGNALING_DN

= HALLMARK_OXIDATIVE_PHOSPHORYLATION

fly

|I||| l;‘ (I :IV;I‘Il

I)l l mlooo

|||||E

W

‘\ M:”l }Il‘ ‘|| MII \l.“ sl M

i

il

15000

i

Fig5 GSEA of HALLMARK gene sets between risk groups. GSEA enrichment results of HALLMARK gene set in high-risk vs low-risk (top 5 up-regulated

[left] and down-regulated [right]).

GSEA Results

In total, 26 up-regulated KEGG signaling pathways and 5 down-
regulated pathways were screened. The top 5 up-regulated
pathways included epithelial mesenchymal transition (EMT),
G2M checkpoint, hypoxia, mitotic spindle, and TNFa signaling
via NFkB. The 5 down-regulated pathways were allograft rejec-
tion, bile acid metabolism, fatty acid metabolism, KRAS signal-
ing DN, and oxidative phosphorylation (Fig5).

Associations Between Risk Groupings and Immune
Microenvironments

The relative proportions of 22 kinds of immune cells in the
training set were visualised using the accumulation diagram
(Fig6a). Fifteen immune cells were differed statistically signifi-
cantly in terms of infiltration level between the two groups,
e.g., naive B cells, regulatory T cells, macrophages M2, and
resting NK cells (Fig6b). Correlation analysis revealed that T
cells CD4 memory resting had the highest positive correlation
with ANO1. T cells CD8 had the lowest positive correlation with
ANOL1 (Fig6c). The gene-cell relationship pairs with |correlation
coefficient|>0.3 and p-value<0.05 were visualised in the scat-
ter diagram (Fig6d). Moreover, six immune checkpoints
(PDCD1, CD96, CTLA4, TIGIT, PVR and LAG3) were differed sta-
tistically significantly between the two risk groups (Fig6e).

Drug Sensitivity Analysis

A total of 57 drugs had significant differences in IC50 values
between the two risk groups, and three common drugs, includ-
ing docetaxel, roscovitine and shikonin, are shown in Fig S1.

Analysis of Differences Between High and Low Risk
Groups

Atotal of 254 up- and 170 down-regulated genes were obtained
by differential analysis in high-risk vs low-risk groups (Figs 7a

46

and 7b). GO and KEGG enrichment analyses were conducted
for the above DEGs. A total of 224 BP, 69 CC, 65 MF and 61 KEGG
pathways, such as focal adhesion, PI3K-Akt signaling pathway,
and ECM-receptor interaction were enriched. The top 10 results
of each category are shown in Figs 7c and 7d.

DISCUSSION

Cisplatin has a broader range of drug resistance during the anti-
tumor process.8 This study was designed to identify cisplatin-
resistant biomarkers to predict the prognosis of patients with
OSCC. Four cohort datasets from different groups were analysed
in this study. Preliminarily, 230 DERs were identified. Finally, 7
drug-resistant genes were selected for prognostic RS signature
construction using LASSO regression analysis, including STC2,
TBC1D2, ADM, NDRG1, OLR1, PDGFA and ANO1. RS was an inde-
pendent prognostic factor. GSEA identified several differential
pathways between two risk groups, such as EMT, hypoxia, and
oxidative phosphorylation. Fifteen statistically significantly dif-
ferentimmune cells were identified between the two groups.
Seven drug-resistant genes were finally selected for prog-
nostic signature construction, i.e., STC2, TBC1D2, ADM, NDRG1,
and OLR1. Most of these genes have been demonstrated to be
related to the prognosis of OSCC or other cancers. For instance,
STC2 (stanniocalcin 2) encodes a glycoprotein hormone in-
volved in phosphate and calcium homeostasis.20 Additionally,
up-regulation of this gene is related to apoptosis, proliferation,
invasion and EMT in tumors.27 Recently, STC2 was reported to
contribute to the aggressiveness of OSCC and is a prognostic
marker for this cancer.10 High expression of TBC1D2 (TBC1 do-
main family member 2) was proven to be related to the poor
prognosis of patients with ovarian cancer.3” ADM (adreno-
medullin peptide) is a proto-oncogene that plays multiple roles

Oral Health & Preventive Dentistry
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Fig6 Associations between risk groupings and immune microenvironments. (a): The relative proportions
of 22 types of immune cells. (b): Horizontal box-and-whisker plot of immune cell infiltration levels in high-
and low-risk groups. (c): Heat maps of correlations between model genes and 15 different immune cells
(numbers are correlation coefficients; *p<0.05, **p<0.01, ***p<0.001, **** p<0.0001). (d): The gene-cell
correlation scatter plot of correlation coefficient >0.3 and p<0.05. (e): Box-and-whisker plot of immune
checkpoint gene expression between high- and low-risk groups.
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in cancers.*¢ ADM can induce the expression of genes associ-
ated with lymphangiogenesis and angiogenesis.24 NDRG1 (N-
Myc downstream regulated 1) is a tumor metastasis suppres-
sor, and overexpression of NDRGL1 is associated with lower
metastatic and invasive potentials, as well as increased suscep-
tibility to chemotherapeutic agents.*6 OLRL1 is a stimulator of
EMT and can promote migration and metastasis of human can-
cers, including HNSC.3%44 Overall, our study further suggested
the prognostic implications of these biomarkers in OSCC.
GSEA identified several differential pathways between two
risk groups, such as EMT, hypoxia, and oxidative phosphoryla-
tion pathways. EMT is a process in which epithelial cells lose
their intercellular adhesion and gain properties of invasiveness
and migration, which is a prerequisite for metastasis.2% Impor-
tantly, EMT is implicated in the resistance of tumor cells to
radio- and chemotherapy.14:16 Hypoxia stress is the signature
pathological feature of tumor cells in most patients with can-
cers.17 There is increasing evidence that a hypoxic microenvir-
onment is a major factor in tumor insensitivity to cisplatin
treatment.® Oxidative phosphorylation contributes to cancer
progression, and exacerbated oxidative phosphorylation de-
pendency is characteristic of cancer stem cells, as well as pri-
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mary or acquired resistance against chemotherapy.33 Inhibition
of oxidative phosphorylation could statistically significantly
reduce cisplatin resistance.*3 Therefore, the different risk of
cisplatin resistance in two groups may be due to the differ-
ences of EMT, hypoxia and oxidative phosphorylation in OSCC.
A recent study demonstrated that the tumor microenviron-
ment plays a key role in the development of cisplatin resis-
tance.5 Thus, we evaluated the proportion of immune cell types
and compared their differences in the distribution between the
two risk groups. Fifteen immune cell types were obtained, such
as macrophages M2, and resting NK cells. Macrophages have a
high infiltrated level among the immune cells in the tumor
microenvironment, and emerging evidence shows that macro-
phages contribute to chemoresistance.?2 NK cells, a key player
in the innate immune system, have a critical role in tumor im-
mune monitoring and prevention of metastasis progression.
Human tumors with more NK-cell infiltration are associated with
improved prognosis and reduced tumor recurrence.3¢ De-
creased infiltration of NK cells into tumor tissue may be a predic-
tor of chemotherapy failure in breast cancer.12 Thus, our results
further indicate the key role of the immune-cell proportions in
predicting the prognosis of and chemoresistance in OSCC.
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CONCLUSION

Seven cisplatin-resistance related genes were finally screened
to construct an RS model. These model genes may be associ-
ated with cisplatin-resistance in OSCC via EMT, hypoxia and
oxidative phosphorylation pathways. Furthermore, the propor-
tion of immune cells may play a role in predicting prognosis
and chemoresistance in cases of OSCC.
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