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Head and neck squamous cell carcinoma (HNSCC) is a malignant tumor. Radiotherapy
(RT) is an important treatment for HNSCC, but not all patients derive survival benefit
from RT due to the individual differences on radiosensitivity. A prediction model of
radiosensitivity based on multiple omics data might solve this problem. Compared with
single omics data, multiple omics data can illuminate more systematical associations
between complex molecular characteristics and cancer phenotypes. In this study, we
obtained 122 differential expression genes by analyzing the gene expression data of
HNSCC patients with RT (N = 287) and without RT (N = 189) downloaded from The
Cancer Genome Atlas. Then, HNSCC patients with RT were randomly divided into a
training set (N = 149) and a test set (N = 138). Finally, we combined multiple omics
data of 122 differential genes with clinical outcomes on the training set to establish a
12-gene signature by two-stage regularization and multivariable Cox regression models.
Using the median score of the 12-gene signature on the training set as the cutoff value,
the patients were divided into the high- and low-score groups. The analysis revealed
that patients in the low-score group had higher radiosensitivity and would benefit from
RT. Furthermore, we developed a nomogram to predict the overall survival of HNSCC
patients with RT. We compared the prognostic value of 12-gene signature with those of
the gene signatures based on single omics data. It suggested that the 12-gene signature
based on multiple omics data achieved the best ability for predicting radiosensitivity. In
conclusion, the proposed 12-gene signature is a promising biomarker for estimating the
RT options in HNSCC patients.

Keywords: head and neck squamous cell carcinoma, radiotherapy, multiple omics data, radiosensitivity, gene
signature

INTRODUCTION

Head and neck squamous cell carcinoma (HNSCC) is the sixth most common malignancy in the
world, and nearly 60% of newly diagnosed HNSCC is locally advanced disease (Alsahafi et al., 2019;
van der Heijden et al., 2019; Wang et al., 2019). Radiotherapy (RT) is a commonly used adjuvant
therapy for HNSCC in addition to surgical treatment (Jemal et al., 2011; Suh et al., 2015). But each
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of HNSCC patients receiving the same dose of RT has different
responses due to the complexity and heterogeneity of tumor, and
some patients even have RT injury and secondary cancer (Scaife
etal,, 2015). Globally, the prognosis of HNSCC patients receiving
RT remains a challenge. Therefore, prognostic biomarkers of
radiosensitivity prediction for HNSCC are needed to improve RT
options and predict treatment response.

In recent years, several studies have suggested that miRNAs,
IncRNAs, and some of their target genes were correlated with
the RT outcomes in HNSCC patients (Leucci et al, 2016;
Weng et al,, 2016; Chen et al,, 2018; Han et al., 2018). For
instance, the upregulation of miR-494-3p expression can enhance
the radiosensitivity of HNSCC (Weng et al,, 2016), and the
upregulation of LINC00473 promotes the radioresistance of
HNSCC cells (Han et al, 2018). Furthermore, some gene
expression-based signatures have been constructed to predict the
survival rate of HNSCC patients with RT. For example, Eschrich
etal. (2009) developed the radiation sensitivity index, which was
used to predict survival probability in HNSCC patients receiving
concurrent chemoradiotherapy. Ma et al. (2019) identified a
4-gene methylation signature to predict the survival rate of
HNSCC patients with RT. However, these studies only used
single omics data which could not draw more comprehensive
associations between complex molecular characteristics and
cancer phenotypes. By contrast, multiple omics data involve
multidimensional studies of cancer cells, potentially revealing the
molecular mechanisms behind different phenotypes of cancer,
such as metastasis and recurrence (Chakraborty et al., 2018;
Xi et al.,, 2018; Wang et al., 2020). Therefore, a model based
on multiple omics data could be an effective method for
radiosensitivity prediction of HNSCC patients.

In this work, in order to construct reliable biomarkers for
predicting RT response in HNSCC, we used the gene expression
data and copy number variation (CNV)/single nucleotide
variation (SNV) data from The Cancer Genome Atlas (TCGA)
(Tomczak et al.,, 2015) to develop a gene signature by the two-
stage regularization (2SR) (Lin et al., 2015; Hu et al., 2019) and
multivariable Cox regression (Gui and Li, 2005; Benner et al.,
2010) models. Then, we evaluated the ability of the gene signature
for predicting radiosensitivity by Kaplan-Meier survival analysis
(Tripepi and Catalano, 2004). Furthermore, we constructed a
nomogram based on the gene signature and clinical variables to
facilitate a more intuitive prediction of 3-year and 5-year survival
rates for HNSCC patients receiving RT.

MATERIALS AND METHODS

Figure 1 illustrated the workflow of the proposed signature for
predicting RT response in HNSCC. Firstly, R package DESeq2
(Love et al., 2014) was used to identify differential expression
genes (DEGs) between HNSCC patients receiving RT and
without RT. Secondly, the 2SR and multivariable Cox regression
models were used to construct a gene signature associated
with the radiosensitivity prediction of HNSCC patients. Finally,
Kaplan-Meier survival analysis and time-dependent receiver
operating characteristic (ROC) curves (Heagerty et al., 2000;
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FIGURE 1 | Workflow of constructing a gene signature for predicting RT
response in HNSCC.

Kamarudin et al., 2017) were used to evaluate the performance of
the gene signature. And a nomogram based on the gene signature
and clinical variables was constructed to predict the 3-year and
5-year survival rates. The major procedures were described in the
following sections.

Data Processing

We downloaded the transcriptomic gene expression data and
the clinical follow-up data of HNSCC patients from TCGA
(Tomczak et al., 2015). Meanwhile, we collected the genomic
CNV/SNV data from UCSC Xena platform (Goldman et al.,
2019). Firstly, we abandoned samples with overall survival
(OS) less than 30 days to avoid the impact of deaths with
unrelated causes (Chen et al, 2018), and a total of 476
HNSCC patients were analyzed. Furthermore, the available
clinical variables included gender, age, OS, vital status, T
stage, N stage, clinical stage, tumor grade, and RT options.
Secondly, we obtained 20,557 common genes from the gene
expression data and the CNV/SNV data, which were used to
screen the gene signature associated with the radiosensitivity
prediction of HNSCC in subsequent analysis. Thirdly, DESeq2
was used in the normalization of gene expression data and
the detection of DEGs between 287 HNSCC patients with RT
and 189 patients without RT. As a consequence, genes with
|log, fold change| > 1 and false discovery rate (FDR) < 0.01
were defined as DEGs for the further analysis. Finally, the
CNV/SNV data of DEGs were converted into a sample-by-
gene matrix. If there were one or more mutations within the
gene for each sample, the gene-level mutation status value
in sample-by-gene matrix was defined as 1; otherwise, it
was defined as 0.
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Establishment of the Gene Signature

Based on DEGs, we used the 2SR and multivariable Cox
regression models to construct a gene signature that can predict
the radiosensitivity of HNSCC patients. The 2SR model could
integrate multiple layer omics data to identify signature genes.
Specifically, on the first layer, we predicted gene expression values
using the CNV/SNV data of DEGs. On the second layer, we
used a regularization methodology to regress the predicted gene
expression on the first layer and performed signature genes
selection and estimation. Multivariable Cox regression model
was used to estimate regression coeflicients for the identified
signature genes. From this model, gene score of HNSCC patients
was described as the sum of the products of individual gene
expression levels and the estimated regression coeflicients. The
detailed processes were elaborated in the following.

Firstly, the 287 patients with RT were randomly divided into a
training set (N = 149) and a test set (N = 138) (Table 1). Secondly,
on the training set, we input gene expression data, clinical data,
and the sample-by-gene matrix of DEGs into the 2SR model to
select the OS-related signature genes. The 2SR model was used
with default parameters, and the output of this model was a list
of genes and their correlated coeflicients with OS in patients
with RT. When the correlation between genes and OS reached
80% and above, these genes were identified as signature genes.
Finally, we calculated the coeflicients of these signature genes
using multivariable Cox regression model and constructed a gene
signature according to the expression levels of these genes, which
can stratify HNSCC patients into the high- and low-score groups
with the median score of the gene signature on the training set
as cutoft value.

Statistical Analysis

In the work, the ROC curve was performed via the R package
survivalROC (Heagerty et al, 2013), and the area under the
ROC curve (AUC) was used to assess the overall performance
of radiosensitivity prediction. Kaplan-Meier survival curves
were used to further evaluate the significance difference of OS
between different groups. A two-tailed P-value (P) < 0.05 was
considered statistically significant in all analyses. The nomogram
and the calibration plot were established using R package rms
(Harrell et al., 2019) and were used to predict OS of HNSCC
patients with RT.

RESULTS AND DISCUSSION

Identification of a 12-Gene Signature

Based on the gene expression data from 287 patients with RT
and 189 patients without RT, 122 DEGs with |log, fold change|
> 1 and FDR < 0.01 were obtained. The gene expression,
clinical, and CNV/SNV data of these DEGs on the training
set were imported into 2SR model. With the probability
related to OS should be >80% of HNSCC patients receiving
RT, 12 genes were picked out as the signature genes. Next,
we calculated the coeflicients of these signature genes using
multivariable Cox regression model. Finally, in order to predict
the radiosensitivity of HNSCC patients, we constructed a gene

signature on the training set according to the expression levels
of these 12 genes as follows: gene score = TDRD9 x 6.950E-
6 + CELF3 x 1.106E-2 + FGF19 x 1.937E-5 4+ KCNB2 x 5.388E-
3 + CLDN6 x 1.334E-4 — BEST2 x 6.053E-
4 — DDX25 x 1.802E-3 — TMPRSSI5 x 4.378E-
4 — ALPI x 2.134E-3 — FABP7 x 1.754E-3 — ILI7REL x 2.132E-
3 — RORB x 1.182E-3. The details of these 12 signature genes
were shown in Supplementary Table S1. Then, based on the gene
scores, the patients were divided into the high- and low-score
groups, where the cutoff value of -0.06338 was derived from
the median score of gene scores on the training set samples.
Specifically, on the training (149 HNSCC patients receiving RT)
and test (139 patients receiving RT) sets, HNSCC patients with
a gene score >-0.06338 were divided into the high-score group,
while those with a gene score <-0.06338 were divided into the
low-score group.

Radiosensitivity Prediction by the

12-Gene Signature

To assess the radiosensitivity prediction ability of the 12-gene
signature on the HNSCC patients, Kaplan-Meier survival and
ROC curves were performed on the training and test sets,

TABLE 1 | Clinical variables of the 287 HNSCC patients with RT.

Variable Subgroup Total Training set Test set P*
N % N % N %
Age (year) <60 166 54.36 87 5839 69 500 022
>60 131 4564 62 4161 69 50.0
Gender Male 224 78.05 123 8255 101 73.19 0.15
Female 63 2195 26 1745 37 26.81
T stage 1 14 488 9 6.04 5 3.62 0.34
2 66 2230 27 1812 39 28.26
3 79 2753 45 3020 34 2464
4 122 4251 63 4228 59 4275
N stage 0 1183 3937 57 3826 56 40.58 0.35
1 56 19.51 26 1745 30 21.74
2 105 36.59 59 3960 46 33.33
3 3 1.05 0 0 2.26
Clinical stage 1 9 314 2 1.34 7 5.07 0.30
2 23 801 12 8.05 11 7.97
3 48 16.72 21 14.09 27 1957
4 207 7213 114 7651 93 67.39
Tumor grade 1 25 871 11 7.38 14 10.14 0.20
2 168 58.54 82 5503 86 62.32
3 75 2613 47 3154 28 20.29
4 2 0.70 2 1.34 0 0
Survival time 21.77 20.73 23.62 0.32
(month)
Vital status Death 110 38.33 57 3826 53 3841 0.12
Alive 177 6167 92 6174 85 6159

*The difference between the test set and training set was calculated in terms of
clinical pathologic factors. Specifically, age was compared with Wilcoxon rank-sum
test; gender, clinical T, N, stage, and grade were compared with the chi-squared
test; survival time and the status difference were assessed with the log-rank test.
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respectively. On the training set, there was a significant difference
on radiosensitivity between the high- and low-score groups
(P = 0.0011, Figure 2A). As we can see, patients in the high-
score group were associated with poor radiosensitivity, while
patients in the low-score group showed good radiosensitivity.
In the light of the time-dependent ROC curves of 3-year
and 5-year survival (Figure 2B), the survival time prediction
accuracy of the 12-gene signature for HNSCC patients had AUC
of 0.705 at 3 years and 0.697 at 5 years. Furthermore, the
prediction performance of the 12-gene signature was evaluated
on the test set. As seen in Figure 2C, the survival rate was
significantly higher in the low-score group than that in the
high-score group (P = 0.00031), which was similar with the
result of the training set. And the 3-year and 5-year prediction
accuracy achieved 0.661 and 0.584, respectively (Figure 2D).
The performance on the test set was similar with that on
the training set. It indicated the generalization ability of the
12-gene signature was good, and this gene signature could
provide a method to predict the radiosensitivity for HNSCC
patients. However, the radiosensitivity prediction accuracy of
5-year survival on the test set was lower than that on the
training set (Figures 2B,D). There were two possible reasons
to explain the causes of the difference. First, the follow-up
times were relatively short for HNSCC cohort in TCGA, and
the OS of most patients was also less than 5 years. Second,
the intrinsic genetic heterogeneity of the tumor could lead
to different OS in HNSCC patients with same therapeutic
method. The longer the OS, the larger the effect of the intrinsic
genetic heterogeneity, and the more difficultly we evaluated
this effect with RT.

Assessment of the 12-Gene Signature in
All HNSCC Patients

Because of the complexity and heterogeneity of tumors, some
HNSCC patients are treated by RT with good outcomes,
and some patients may have a resistance to RT, even get
worse. Therefore, the 12-gene signature is important for the
radiosensitivity prediction of HNSCC patients to improve RT
options. In addition, we also assessed the prognostic value of
the 12-gene signature in a total of 476 HNSCC patients. As
seen in Figure 3A, it indicated that patients in the low-score
group generally had a higher 5-year survival rate than that in
the high-score group (P < 0.0001). And there was a significant
difference between patients with RT and without RT in the low-
score groups (P = 0.0033, Figure 3B); however, in the high-score
group, the difference was insignificant (P = 0.95, Figure 3C). It
suggested that patients in the high-score group might have the
radioresistance and did not benefit from RT.

In addition, based on different clinical variables such as
age, gender, T stage, N stage, clinical stage and tumor grade,
HNSCC patients were further stratified into different subgroups
(Table 1). Then we evaluated the prognostic value of the 12-gene
signature on these different subgroups between HNSCC patients
in the high- and low-score groups. On the subgroups of clinic T
(Figures 4A,B), clinic N (Figures 4C,D), stage 3-4 (Figure 4F),
and grade (Figures 4G,H), the survival rates of patients in the

low-score group were significantly higher than those in the high-
score group. While there was no statistically significant difference
of survival rate between patients in the high- and low-score
groups in the subgroup of stage 1-2 (Figure 4E). It was mainly
due to the small number of patients in this clinical phase, which
accounted for only 11% of all HNSCC patients. Furthermore,
on the subgroups of age (Supplementary Figures S1A,B) and
gender (Supplementary Figure S1C), the survival rates of
patients in the low-score group also were significantly longer than
those patients in the high-score group. However, the survival
rate between female patients (Supplementary Figure S1D)
in the high- and low-score groups did not have statistically
significant difference, which was similar with that on the stage
1-2 subgroup. Taken together, these results suggested that this 12-
gene signature could serve as a novel and reliable biomarker for
the radiosensitivity prediction of HNSCC patients.

Prediction of OS in HNSCC With RT by

Nomogram

As a visual tool, nomogram has been widely used in predicting
the prognosis of cancers (Lubsen et al., 1978; Gorlia et al., 2008).
In this work, the nomogram was used to construct the OS
prediction model for HNSCC patients with RT. As shown in
Figure 5A, age, T stage, N stage, clinical stage, tumor grade,
and gene score were considered as relevant variables for the
nomogram construction. Since the points of male and female
in the nomogram were similar and closed to zero, gender was
not shown here. In addition, the contribution of gene score was
very important, and it played a crucial role in survival estimation
of HNSCC patients with RT. In order to evaluate the predicted
outcomes of nomogram, the calibration plots on the training
and test sets were exhibited in Figure 5B. It was found that
the predicted results of the nomogram showed good agreements
with the actual situations, especially on the test set. Furthermore,
according to the time-dependent ROC curves (Figure 5C), the
nomogram achieved 0.701 and 0.641 of AUC for 3-year OS on the
training and test sets, respectively. It revealed that the nomogram
could be used as a promising tool to predict the OS of HNSCC
patients with RT.

Comparison With the Gene Signatures

Based on Single Omics Data

Besides the 12-gene signature established using multiple
omics data, we also assessed the radiosensitivity prediction
ability of the gene signatures based on single omics data,
such as gene expression data or CNV/SNV data. Since
the 2SR model requires multiple omics data as the input
files, we used differential expression analysis, univariable Cox
proportional hazards regression analysis (David, 1972), classical
LASSO regression model (Tibshirani, 1996, 1997; Segal, 2006),
and multivariate Cox regression model to select the most
important biomarkers and take their linear combination as a
predictor of radiosensitivity based on single omics data. Firstly,
differential expression analysis was used to identify DEGs by
analyzing gene expression profiles of HNSCC patients with
RT and without RT. Of note, the construction of the gene
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signature based on the CNV/SNV data did not use differential
expression analysis. Secondly, univariate Cox proportional
hazards regression analysis and LASSO logistic regression model
were used to screen out the characteristic genes associated with
survival. Thirdly, multivariate Cox regression model was used
to establish a gene signature for radiosensitivity prediction.
Then, HNSCC patients receiving RT were divided into the

high- and low-score groups according to the median score on
the training set patients. Finally, Kaplan-Meier survival analysis
and ROC curves were conducted to observe the difference
of survival rate between the patients in the high- and low-
score groups.

Based on gene expression data, a 7-gene signature was
constructed for radiosensitivity prediction, and the gene
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score = CHGB x 1.121E-4 + ODAM x 3.603E-5 + RPI1I-
169K17.3 x 8.518E-2 — ZNF541 x 8.229E-5 — CLGN x 2.952E-
3 — ACO011747.3 x 1.407E-1 — RPI11-203B7.2 x 1.357E-
1. The details of these 7 signature genes were shown in
Supplementary Table S2. The survival analysis results on the test
set were shown in Figure 6A. Obviously, the difference between
the high- and low-score groups was significant (P = 0.029),
which was similar with that on the training set (P = 0.011,
Supplementary Figure S2A). The prognostic accuracy of the
7-gene signature for HNSCC patients receiving RT was 0.62
at 3 years and 0.575 at 5 years (Figure 6B), which were both
lower than the performances of the 12-gene signature based on
multiple omics data.

Based on CNV/SNV data, a 3-gene signature was
developed for radiosensitivity prediction, and the gene
score = — BCLAFI x 8.084E-1 — ABCBY9 x 3.330E-
1 — MISI8BPI x 3.697E-1. The details of the 3-gene signature
were shown in Supplementary Table S3. The survival analysis on
the test set showed that there was a significant difference between
the high- and low-score groups (P = 0.018, Figure 6C), but it
was inconsistent with the result on the training set (P = 0.0068,
Supplementary Figure S2C). The 3-year and 5-year survival
prognostic accuracy of the 3-gene signature were 0.387 and
0.345 on the test set, respectively (Figure 6D), which were
far less than the performances of the 12-gene signature using
multiple omics data. As single omics data, the sample-by-gene
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FIGURE 5 | Evaluation of the nomogram on predicting the OS of HNSCC patients with RT. (A) Nomogram for predicting the 3-year and 5-year OS in HNSCC with
RT. (B) Calibration plots of the nomogram on the training and test sets. The 45-degree line represents the real outcomes. (C) Time-dependent ROC curves of 3-year
OS prediction using the nomogram on the training and test sets.

matrix based on CNV/SNV data was sparse, and the genetic
information extracted from the sparse matrix was very limited.
So the radiosensitivity prediction accuracy of the gene signature
based on CNV/SNV data was not good.

At first, we compared the 12-gene signature with those
gene signatures (7-gene and 3-gene signatures) based on single
omics data. The results showed that the 12-gene signature
achieved the highest separation ability, and it significantly
stratified patients into the low- and high-score groups on

the test set (P = 0.00031 vs. P = 0.029 vs. P = 0.018). It
also had the highest accuracy of survival estimation among
these gene signatures (3-year survival: 0.661 vs. 0.620 vs.
0.387; 5-year survival: 0.584 vs. 0.575 vs. 0.345) on the test
set. In addition, we performed GO and KEGG enrichment
analyses, and the result showed there were no significant
enrichments. Moreover, on the GO and KEGG terms (Jiao
et al, 2012; Xi et al,, 2020), there are also no correlations
between these signature genes and radiation. Maybe these genes
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were novel candidate targets and biomarkers correlated with
radiation. However, given the performance of 12-gene signature
was better than those of 7-gene and 3-gene signatures, the
genes in 12-gene signature were more important on radiation
response and radiosensitivity prediction. Nevertheless, their
roles need to be proved by biological and clinical experiments.
Furthermore, we evaluated the performance of the 5-miRNA

signature (Chen et al., 2018) on the test set. As shown in
Supplementary Figure S3, there is no significant different
between the high- and low-score groups based on 5-miRNA
signature, and the items of AUC (0.493 and 0.450) on 3-
year and 5-year survivals were lower than those (0.661 and
0.584) based on 12-gene signature. In a word, the 12-gene
signature based on multiple omics data was a relatively reliable
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biomarker to predict whether the HNSCC patient benefit from
the treatment of RT.

CONCLUSION

In this study, we used the gene expression, clinical, and
CNV/SNV data to develop and validate the 12-gene signature,
which may serve as a promising prognostic biomarker for the
radiosensitivity prediction of HNSCC patients. Furthermore,
we constructed a nomogram based on gene score and clinical
variables, which might be a useful tool on the survival estimation
of HNSCC patients receiving RT. Finally, we systemically
compared the prognosis ability of the gene signatures based on
multiple and single omics data, and the results showed that
the 12-gene signature based on multiple omics data was more
accurate in predicting radiotherapy response and survival rate of
HNSCC patients. However, this study also has some limitations.
First, these signature genes as biomarkers for radiosensitivity
in HNSCC deserve further biological and clinical verification.
Second, gene expression signatures are subject to sampling bias
caused by the complexity and heterogeneity of tumors, so we will
consider the subtypes of tumor in the future study.
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