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HIGHLIGHTS

« HPV— tumors were likely to occur at an older age and were often adenocarcinomas or adenosquamous carcinomas.
« 5 genes were significantly differentially mutated between HPV+ and HPV— tumors.

« CDO1, PCDHB2 and MYOD1 demonstrated different response to radiotherapy between HPV+ and HPV— tumors.

« 4 genes were different drug-response to cisplatin between HPV+ and HPV— cervical cancer tumors.
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patients it is essential to identify differential biomarkers that may be associated with detection, prognosis and
novel targeted therapies. The objective of this study was to compare the two entities, HPV+ and HPV— cervical
cancers, based on TCGA public data.

Methods. We collected and analyzed clinical information of 299 cervical cancer patients as the first step, then

ggvmgldiancer identified differential expressed genes and conducted downstream analyses to characterize this tumor based on
HPV+ HPV status, including functional annotation, pathway mapping, survival analysis and comparative somatic muta-
HPV— tion landscapes. We further inferred the likelihood of responding to traditional treatment including radiotherapy
Biomarkers and chemotherapy.

Radiotherapy Results. It was found that HPV— tumors were likely to occur at an older age and were often adenocarcinomas
Drug susceptibility or adenosquamous carcinomas, and there was no significant overall survival difference between HPV+ vs. HPV —

tumors. Gene expression profiles of HPV+ and HPV— tumors differed especially in ANKRD7, SERPINB3, EMX2,
MEI1, RNF212, RP11-13 K12.5, RP11-325F22.2 and ZFR2 which were significantly relevant to cervical cancer prog-
nosis. TP53, ARID5B, ARID1A, CTNNB1 and PTEN were significantly differentially mutated between HPV+ and HPV
— tumors. Results of radiotherapy analyses demonstrated that CDO1, PCDHB2 and MYOD1 were different be-
tween the two subsets. In addition, RP11-299 L17.3, SLC14A2, FGF18 and OASL represented different drug-
sensitivity to cisplatin between both.
Conclusions. These potential biomarkers may offer insights to further personalize therapeutic decision-
making to improve survival in HPV— cervical cancer patients.
© 2018 Elsevier Inc. All rights reserved.
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1. Introduction

Cervical cancer, arising from the cervix, is one of the most commonly
diagnosed tumors and the major cause of cancer death among females,
especially in developing countries. Globally, approximately 528,000
cases of cervical cancer emerge each year, causing a total of 266,000
deaths, which is more than any other gynecologic tumors [1]. There
are about 13,240 new cervical cancer cases and 4170 deaths in 2018
in the United States [2]. As early as 1983, the research group of Harald
zur Hausen extracted human papillomavirus (HPV) type16 DNA
which appeared in about half of cervical cancer biopsies samples and
cell lines [3]. While the majority of HPV infections are cleared spontane-
ously by the human immune system, a few persist for years and eventu-
ally cause cancer, so many researchers had a consensus that persistent
HPV infection, which is HPV+, was the main etiological cause of cervical
cancer [4-6]. With the rapid development of genomic sequencing tech-
nology, numerous studies have focused on the molecular features and
mechanism of HPV+ cervical cancers. For instance, it has been mani-
fested that PIK3CA, PTEN, TP53, STK11, KRAS, SHKBP1, ERBB3, HLA-A,
CASP8 and TGFBR?2 are significantly mutated genes in cervical cancer
[7-11].

Recently, researchers from The Cancer Genome Atlas Research Net-
work (CGARN) identified novel genomic and molecular features of cer-
vical cancer in order to support the molecular classification technique
and realize targeted therapy. They also found that about 5% of primary
cervical cancers were not caused by persistent HPV infection and
might be triggered by genetic alteration or other factors [11,12]. Al-
though lots of studies on cervical cancer have yielded excellent results,
few studies have deconvoluted the molecular differences across cervical
cancer patients based on different HPV status, that is, HPV+ and HPV—.
Additionally, the potential genomic biomarkers of HPV— cervical cancer
remain unclear.

Similar to recent reports in head and neck cancers [13,14], this study
sought to identify biomarkers that distinguish HPV+ and HPV— pa-
tients, and made an integrative comparison from clinical level, genomic
level and treatment level across cervical cancer patients with different
HPV status. Above all, the study analyzed clinical information and iden-
tified differential expressed genes (DEGs) between the two groups, then
GO enrichment analysis, KEGG pathway enrichment analysis and sur-
vival analysis were performed to reveal the behind biological functions
among DECs. Subsequently, the mutation rates of genes were obtained
and the per gene somatic mutation frequencies were compared statisti-
cally between the two classes. Finally, the sensitivity of response to ra-
diotherapy and chemotherapy between these two entities was also
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compared. The findings may help reveal molecular differences between
HPV+ and HPV— samples and offer potential biomarkers for cervical
cancer diagnosis and treatment. With the rapid pace of discovery and
developments in biologic and computational research we are poised
for a better understanding of HPV— cervical cancer and anticipate
these discoveries will improve patient treatment and provide novel
therapies.

2. Materials and methods
2.1. Overall workflow

The overall research workflow shown in Fig. 1 is broken down into
two parts, representing distinct levels of analysis, including clinical
level, genomic level and treatment level. In Fig. 1A, clinical information
was analyzed to identify human mRNAs and miRNAs that were differ-
entially expressed in cervical cancer HPV+ versus HPV— samples.
Gene function annotation and GO enrichment analysis, KEGG pathway
enrichment analysis and survival analysis were performed on these dif-
ferential expressed genes. Besides, somatic mutation landscapes were
compared between multiple tumor cohorts by analyzing MAF files.

In addition, treatment analyses of cervical cancer, including radio-
therapy analysis and drug susceptibility analysis, were conducted in
the second-level research (Fig. 1B). Differential expressed genes were
identified between cervical cancer patients who responded completely
to radiotherapy and those who failed to completely respond, and on
these genes downstream analyses were performed, such as gene func-
tion annotation, pathway analysis, and so on. Then cervical cancer cell
lines data downloaded from Genomics of Drug Sensitivity in Cancer
(GDSC) database (http://www.cancerrxgene.org/) was used to analyze
drug sensitivity, which aims to answer how HPV status-based differen-
tially expressed genes affect the response to cisplatin, a commonly
dosed chemo in clinical treatment for cervical cancer.

2.2. Data sets

Five data sets were used in our study: human mRNA expression data,
human miRNA expression data, somatic mutation data, clinical data and
14 cervical cancer cell lines data with drugs response information (ab-
breviated as GDSC set). The mRNA-Seq genes expression data (Level 3,
304 samples) and miRNA-Seq expression data/(Level 3, 312 samples)
of Cervical Squamous Cell Carcinoma and Endocervical Adenocarcinoma
(CESC) were downloaded from The Cancer Genome Atlas (TCGA [15])
GDC Data Portal (https://portal.gdc.cancer.gov/). Somatic mutations
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Fig. 1. Data analysis overall workflow. (A)The workflow of CESC clinical, transcriptome and somatic mutation data analyses between HPV+ and HPV—. (B) The workflow of treatment

analyses, including radiotherapy analysis and drug susceptibility analysis.
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for CESC were extracted from the gsc_CESC_pairs.aggregated.capture.
tcga.uuid.automated.somatic.maf file available for download on the
TCGA website, with somatic mutations available for primary tumors of
297 samples. The CESC clinical data set that comprises a total of 307 pa-
tients was obtained from Firehose (http://firebrowse.org). Moreover, 14
cervical cancer cell lines data and corresponding drugs response infor-
mation was collected from GDSC database [16,17].

2.3. Data preprocessing and normalization

Various data sets were processed first as follows: First, we collated
and checked the clinical data of cervical cancer patients, such as HPV
test results, HPV type, histological type, radiotherapy information, etc.
Second, the normal samples (3 samples in CESC TCGA data set) and
tumor samples (301 samples in mRNA set and 309 samples in miRNA
set) were identified. For tumor samples, 301 samples were selected
from three data sets (except somatic mutation data set and GDSC set)
for further analysis. 279 HPV+ samples (the specific HPV type distribu-
tionin Table S1) and 22 HPV— samples were identified from these three
data sets. Furthermore, tumor samples and HPV test results were
matched among mRNA, miRNA, clinical and somatic mutation data
sets. By mapping them to TCGA barcode, 276 HPV+ samples and 21
HPV— samples in somatic mutation data set were detected.

The study used raw read counts of mRNA and miRNA expression
data to detect differentially expressed mRNA and miRNA. As raw read
counts follow a negative binomial distribution, the voom methodology
[18] was applied for data normalization by using limma R package.
The voom method estimates the mean-variance of the log-counts and
produces a precision weight for each observation. The final normalized
counts of mRNA and miRNA expression data were generated for all fur-
ther bioinformatics analysis.

2.4. Statistical analysis of clinical data

R software was utilized to conduct basic descriptive analysis of the
clinical information and Wilcoxon rank-sum test was performed for
real-valued data, such as age and survival time. The Chi-square or
Fisher's exact tests for categorical data were executed by SPSS 22.0
with calculation of a two-sided p-value, and samples with invalid record
were not included in the test for significance. Statistically significance
was determined with a threshold of p-value <0.05.

2.5. Differential expression analysis

Differentially expressed features based on different HPV status for
CESC were found using DESeq [19] and edgeR [20] R packages with
threshold of log-foldchange >2 and FDR < 0.05. The intersections of re-
sults calculated by these two methods were regarded as the final results
for accuracy. The sensitivity and specificity of the top 5 most significant
genes with reference to HPV status were calculated by pROC R package.

2.6. Gene functional enrichment analysis and KEGG pathway analysis

Gene functional annotation, i.e., Gene Ontology (GO) enrichment
analysis was performed through DAVID 6.8 (https://david.ncifcrf.gov/)
to reveal the biological meaning for a list of genes which were discov-
ered through differential expression analysis. In order to synthetically
understand the biological functions of multiple genes, KEGG (Kyoto En-
cyclopedia of Genes and Genomes) pathway database information was
applied and visualized via clusterProfiler [21] R package and Cytoscape
software [22].

2.7. Survival analysis

Survival analysis of cervical cancer patients was conducted based on
the differential genes expression between HPV+ and HPV— samples.

Kaplan-Meier survival curves were used to display the overall survival
differences between patients with higher and lower gene expression
compared to the median values of selected gene expression. If gene ex-
pression level in a patient was lower than median, the patient should be
classified as the lower-expression group; otherwise as the higher-
expression group. The log-rank test for Kaplan-Meier curve was calcu-
lated, and significant survival time differences between two groups of
patients was defined as p-value <0.05.

2.8. Somatic mutation data analysis

GenVisR [23] R package was applied to calculate the mutation rate of
genes and to draw the somatic mutation oncoprint between HPV+ and
HPV— samples. The somatic mutation frequencies per gene between
classes were compared using Fisher's exact test, and the corresponding
conditional maximum likelihood estimate of odds ratio and 95% CI were
plotted in Fig. 4. A logistic regression model was constructed by pooling
the top 10 significantly differentially mutated genes between HPV+
and HPV— tumor. We accessed the prediction performance of this
model by calculating its AUROC (the Area Under the curve of the Re-
ceiver Operating Characteristic) by pROC R package.

2.9. Radiotherapy analysis

The treatment information used in the study came from the TCGA
CESC clinical data set. It contained the data of 49 patients who only re-
ceived radiotherapy treatment, including 40 cases that completely
responded to radiation therapy and 9 cases of partial response or dis-
ease progression (referred to as Non-complete Response) of patients.
Differentially expressed genes between complete response and non-
complete response to radiotherapy were identified, and downstream
analyses were performed to find the genes that are sensitive to radio-
therapy. Then the intersections of differential expression genes between
complete response vs. non-complete response group and HPV+ vs. HPV
— group represented the difference in radiotherapy response between
HPV+ and HPV— samples.

2.10. Drug susceptibility research

Since treatment data for cervical cancer patients in TCGA only pro-
vided information of radiotherapy and combination of chemotherapy
and radiotherapy, it is necessary to find specialized drug response data
to conduct a comprehensive drug susceptibility analysis between HPV
+ and HPV—. Data of 14 cervical cancer cell lines including medication
information was selected and downloaded from GDSC database to ana-
lyze drug sensitivity. In order to understand whether the expression of
HPV+ and HPV— differentially expressed genes affect the efficacy of
platinum drugs, focus was mainly placed on the analysis of cisplatin
treatment information.

3. Results
3.1. Clinical correlation characteristics

No significant difference was found in the distributions of patient
ethnicity, survival status, BMI, tobacco use, tobacco smoking history,
total number of pregnancies, number of successful pregnancies, tumor
grade, clinical stage and lymph node metastasis between HPV+ and
HPV— cervical cancer patients (Table 1). However, Table 1 shows that
there is high relevance between histological type and HPV infection
(p-value = 0.001), which suggests that adenocarcinomas and
adenosquamous carcinomas might be more common in HPV— than in
HPV+ cervical cancer. Additionally, patients with HPV— were older at
initial diagnosis than patients with HPV+ (Wilcoxon rank-sum test, p-
value = 0.012), and Fig. S1 more intuitively depicts the age difference
between HPV— and HPV+ patients. As shown in Fig. S2, no significant
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Table 1
Overview of clinical characteristics of patients.
Total HPV+ (HPV+) HPV— (HPV—) p-Value
Patients 299 278 21
Age at Initial Diagnosis
Mean =+ Sd 48.20 & 13.87 47.65 + 13.77 55.48 + 13.48
Ethnicity 0.139
American Indian or Alaska Native 7 (2.6%) 5(2.0%) 2 (11.1%)
Asian and Pacific Islander 22 (8.3%) 21 (8.5%) 1(5.6%)
Black or African American 30 (11.3%) 28 (11.4%) 2(11.1%)
White 206 (77.8%) 193 (78.1%) 13 (72.2%)
Unknown 34 31 3
Survival Status 0.562
Alive 229 (76.6%) 214 (77.0%) 15 (71.4%)
Dead 70 (23.4%) 64 (23.0%) 6 (28.6%)
BMI (WHO Standards) 0.834
Underweight (<18.50) 12 (4.7%) 11 (4.7%) 1(5.3%)
Normal range (18.50-24.99) 86 (33.7%) 78 (33.1%) 8 (42.1%)
Overweight (25.00-29.99) 73 (28.7%) 69 (29.1%) 4 (21.0%)
Obesity (230.00) 84 (32.9%) 78 (33.1%) 6 (31.6%)
Unknown 44 42 2
Tobacco Use 0.813
Never/light smoker (<10 pack years) 30 (32.6%) 28 (32.9%) 2 (28.6%)
Heavy smoker (>10 pack years) 62 (67.4%) 57 (67.1%) 5(71.4%)
Pack years unknown 207 193 14
Tobacco Smoking History 0.586
1 142 (55.3%) 132 (55.5%) 10 (52.6%)
2-3 72 (28.0%) 65 (27.3%) 7 (36.9%)
4-5 43 (16.7%) 41 (17.2%) 2 (10.5%)
Unknown 42 40 2
Total Number of Pregnancies 0.064
0-3 149 (55.8%) 133 (53.8%) 16 (80.0%)
4-7 100 (37.5%) 96 (38.9%) 4 (20.0%)
>8 18 (6.7%) 18 (7.3%) 0 (0.0%)
Unknown 32 31 1
Number of Successful Pregnancies 0.103
0-2 143 (53.6%) 128 (51.8%) 15 (75.0%)
3-5 104 (38.9%) 99 (40.1%) 5 (25.0%)
26 20 (7.5%) 20 (8.1%) 0 (0.0%)
Unknown 32 31 1
Histological Type 0.001
Adenocarcinoma 46 (15.4%) 39 (14.0%) 7 (33.3%)
Adenosquamous 5(1.7%) 3(1.1%) 2(9.5%)
Squamous Cell Carcinoma 248 (82.9%) 236 (84.9%) 12 (57.2%)
Grade 0.352
G1 18 (6.7%) 18 (7.2%) 0 (0.0%)
G2 133 (49.4%) 125 (50.2%) 8 (40.0%)
G3 117 (43.5%) 105 (42.2%) 12 (60.0%)
G4 1(0.4%) 1(0.4%) 0 (0.0%)
Unknown 30 29 1
Clinical Stage 0418
I 161 (55.1%) 151 (55.7%) 10 (47.6%)
1 67 (22.9%) 61 (22.5%) 6 (28.6%)
11 44 (15.1%) 42 (15.5%) 2 (9.5%)
v 20 (6.9%) 17 (6.3%) 3(14.3%)
Unknown 7 7 0
Lymph node metastasis 0.936
Metastasis 52 (32.9%) 49 (33.3%) 3(27.3%)
No Metastasis 106 (67.1%) 98 (66.7%) 8 (72.7%)
Unknown 141 131 10

overall survival difference between the HPV+ vs. HPV— patients could
be observed (p-value = 0.254).

3.2. Differential expression analysis in HPV+ vs. HPV — samples

Differential expression analysis was first performed to find molecu-
lar differences between HPV+ and HPV — cervical cancer samples. After
comparing the human mRNA expression levels of 27,959 genes, 167
genes were identified as significantly differentially expressed via
DESeq R-package (Fig. 2A). 903 genes were found by edgeR R-
package. Ultimately, 166 differential expression genes (DEGs) were ob-
tained from the intersection of results, which did not contain ACSM3,
calculated by these two methods. In these 166 DEGs, 151 genes

(90.96%) were overexpressed in the HPV— CESC samples. The AUROC
(area under ROC), sensitivity and specificity of the top 5 most significant
DEGs with reference to HPV status are shown in Table S2, and Fig. S3
demonstrates the receiver operating characteristic (ROC) curves of
these five genes. Almost all the AUROC are >0.75 except for CADM1
(AUROC = 0.696).

Based on gene expression data for 166 DEGs, the cervical cancer
samples were divided into high-age (age > 48.20, n = 129) and low-
age (age <48.20, n = 172) groups for differential expression analysis
and no age-oriented significant difference could be found. Similarly,
we divided samples into adenocarcinoma or adenosquamous carcino-
mas (n = 52) and squamous cell carcinomas (n = 249) groups and
found that 12 of 166 DEGs were significantly related to histological
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Fig. 2. (A) Heatmap of 167 genes that were differentially expressed between HPV+ and HPV— cervical tumors via DESeq R-package. (B) The histogram of 45 significantly enriched GO
terms. 31 GO terms (green) represented biological process, 6 GO terms (blue) displayed cellular component and 8 GO terms (purple) denoted molecular function. (C) GO annotation
and enrichment plot of the top ten most significant GO terms and 15 genes from 166 DEGs. Among them, only SERPINB3 was lower expressed in HPV— samples (red in the left
semicircle) and the remaining 14 genes were overexpressed in HPV— cervical cancer samples (blue in the left semicircle). The different colors on the right half circle represent diverse
GO terms. (D) The graph of KEGG pathway analysis by using Cytoscape software. Eight statistically significant pathways (blue) and 16 corresponding genes were obtained. KYNU was
significantly lower in HPV— samples than in HPV+ samples (red) and others (green) were reversed.

type. Among them, KRT14, AIM2, LY6D, SERPINB3, AQP3, MMP28 and
PLA2G4D were up-regulated in squamous cell carcinoma, while
STXBP6, KLHL14, DACH1, SLC26A7 and UCMA were down-regulated.

In addition, human miRNA-level differential expression analysis be-
tween HPV+ and HPV— tumors revealed that has-mir-182, has-mir-183
and has-mir-5002 which were significantly overexpressed were only
found in the HPV— samples (p-value <0.05).

3.3. Gene functional enrichment analysis and KEGG pathway analysis for
166 DEGs

In order to explore the behind biological function of genes, Gene On-
tology (GO) enrichment analysis and KEGG pathway analysis were per-
formed for 166 DEGs discovered above. First of all, 45 significantly
enriched GO terms was identified (Fig. 2B) and a maximum of 38 genes
were enriched in GO: 000586~plasma membrane (p-value = 0.0073)
which is related with the cellular component. It is also found that the
most prominent GO term was GO:0016303—1-phosphatidylinositol-3-ki-
nase activity (p-value = 0.0001), and interestingly, there were six GO
terms associated with phosphatidylinositol including GO:0016303,
G0:0036092—phosphatidylinositol-3-phosphate biosynthetic process
(p-value = 0.0002), GO:0046934—phosphatidylinositol-4,5-
bisphosphate 3-kinase activity (p-value = 0.0005), GO:0014066—regula-
tion of phosphatidylinositol 3-kinase signaling (p-value = 0.0014),
G0:0046854—phosphatidylinositol phosphorylation (p-value = 0.0028)
and G0:0048015—phosphatidylinositol-mediated signaling (p-value =
0.0043). Phosphatidylinositol 3-kinase (PI3K) is a lipid kinase and a key
signal transduction enzyme involving in cell survival and proliferation,
cell motility and adhesion, cytoskeletal rearrangement and vesicle traf-
ficking [24]. Fig. 2C demonstrates the top ten most significant GO terms

and 15 genes related to these terms, wherein FGFR1, FGF18, FGF9, FGF20
and FGF3 were associated with the aforementioned phosphatidylinositol,
whereas only SERPINB3 correlated with GO: 0008284~positive regulation
of cell proliferation (p-value = 0.0006) was lower expressed in HPV—
samples, and the remaining 14 genes, such as SHH, PRAME and EPHA7
etc., were overexpressed in HPV— cervical cancer patients.

As shown in Table S3 and Fig. 2D, through the KEGG pathway anal-
ysis, eight statistically significant pathways and 16 corresponding
genes were obtained. About 75% (12/16) of the genes were assigned
to hsa05200: pathways in cancer (p-value = 0.00029), and it is found
that KYNU involved in hsa00380: tryptophan metabolism was signifi-
cantly lower in HPV— samples than in HPV+ samples.

3.4. Survival analysis for 166 DEGs

To reveal correlation between 166 differential genes expression
levels and CESC prognosis, survival analysis was conducted and 8
genes were found significantly associated with CESC prognosis (log-
rank test, p-value < 0.05). Kaplan-Meier curves (Fig. 3) show that cervi-
cal cancer patients with lower expression levels of ANKRD7 and
SERPINB3 have better overall survival prognoses than those with higher
expression levels of these 2 genes. Similarly, patients with higher ex-
pression levels of 6 genes including EMX2, MEI1, RNF212, RP11-13
K12.5, RP11-325F22.2 and ZFR2 have better overall survival prognoses
than those with lower expression levels of these 6 genes, which were in-
dicated as having significantly different expression in HPV+ vs. HPV—
tumors. It is worth noting that ANKRD7, EMX2, RP11-13 K12.5 and
RP11-325F22.2 were higher expressed in HPV— samples, while MEI1,
RNF212, SERPINB3 and ZFR2 were higher expressed in HPV+ CESC
samples.
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Fig. 3. Kaplan-Meier (KM) survival curves for 8 genes. KM survival curves show significant overall survival differences between higher-expression levels and lower-expression levels of

cervical cancer patients.

3.5. Somatic mutation landscape differences

The mutation rate of 18,749 genes between HPV+ and HPV— sam-
ples was calculated and tested via Fisher's exact test. From Fig. S4, it can
be seen that the top ten mutated genes ranked by mutation rate in HPV
+ samples are TIN (42.75%), MUC4 (37.32%), PIK3CA (31.16%), MUC16
(24.28%), KMT2C (22.83%), BAGE2 (21.74%), KMT2D (16.67%), SYNE1
(15.22%), CROCCP2 (15.22%), SNHG14 (14.86%), and the top ten mutated
genes in HPV— samples are PIK3CA (52.38%), TP53 (47.62%), TIN
(38.10%), SYNE1 (38.10%), MUC4 (38.10%), ARID1A (38.10%), SNHG14
(33.33%), PTEN (33.33%), PCLO (33.33%), KMT2D (33.33%). In general,
the frequencies with which cervical cancer genes are mutated are sim-
ilar between the two classes. However, among the18749 genes, 2133
genes had significantly different distributions in the mutation frequen-
cies between HPV+ and HPV— samples (a two-tailed Fisher's exact p-
value <0.05). 46 genes had different somatic mutation rates and were
all more frequently mutated in HPV— tumors (Fig. 4). For example,
TP53, a well-known tumor suppressor, which prevents cancer initiation
by maintaining genomic stability [25-27], was more likely to be mu-
tated in HPV— tumors (47.62%) than in HPV+ tumors (3.99%) (a two-
tailed Fisher's exact p-value = 6.63E—08). This is consistent with the
absence of E6 HPV oncogene expression in HPV— tumors. The enrich-
ment of TP53 mutations in the HPV— tumors provides convincing evi-
dence that these tumors have escaped HPV dependence. The
prediction performance of the logistic regression model represented
by AUROC was up to 0.895 (Fig. S5).

In addition, the results indicate that ARID5B, ARID1A, CTNNB1 and
PTEN are significantly differentially mutated between HPV+ and HPV
— tumors.

3.6. Radiotherapy

98 differentially expressed genes between complete response sam-
ples and non-complete response samples to radiotherapy were identi-
fied, where ALOX15 and IGLV3-19 were up-regulated and 96 were
down-regulated. According to downstream analyses of these 98 genes,
23 significantly enriched GO terms were obtained, but no statistical

significant KEGG pathway was found. Then, the intersection of 166
DEGs mentioned above and the 98 genes was analyzed, and only three
genes, CDO1, PCDHB2 and MYOD1, demonstrated different response to
radiotherapy between HPV+ and HPV— samples. As shown in Fig. S6,
PCDHB2 correlated with GO: 0005887—integral component of plasma
membrane (p-value = 0.0018), GO: 0016339—calcium-dependent
cell-cell adhesion via plasma membrane cell adhesion molecules (p-
value = 0.0029), GO: 0007416—synapse assembly (p-value = 0.0132)
and GO: 0005886—plasma membrane (p-value = 0.0159) was higher
expressed in HPV— samples. Furthermore, it is noticed that patients
with lower expression levels of MYOD1 have better overall survival
prognoses than those with higher expression levels of this genes
when treated with radiotherapy (Fig. S7, p-value = 0.0189).

3.7. Drug sensitivity

Based on the analysis of 14 cervical cancer cell lines, 685 genes were
associated with the drug efficacy of cisplatin, among which four genes,
RP11-299 L17.3, SLC14A2, FGF18 and OASL, also belonged to the 166
DEGs dataset (Table 2). In other words, these four genes demonstrated
different drug-response to cisplatin between HPV+ and HPV— cervical
cancer samples. Patients with higher expression levels of RP11-299
L17.3 and OASL had significantly stronger resistance to cisplatin than
those with lower expression levels of these genes. In contrast, patients
with higher expression levels of SLC14A2 and FGF18 were significantly
less resistant to cisplatin than those with lower levels of these genes.
It also noted that only RP11-299L17.3 was resistant to cisplatin in HPV
— cervical cancer samples.

4. Discussion

According to the latest research [11], HPV+ and HPV— cervical can-
cers are distinct clinical entities. Although early detection and targeted
therapy have dramatically improved identification and survival proba-
bility of persons at risk, it remains necessary to develop novel or im-
proved treatments for all cervical carcinomas. The aim of the present
study was to discover the extent of biologic and clinical differences
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Fig. 4. Somatic mutation differences between HPV+ and HPV— cervical cancers. Among of these genes, COL22A1, SNHG14, DNAH3, KMT2D, PIK3CA, EP300, FBXW7, MUC4 and TIN were not

significantly different between two classes (a two-tailed Fisher's exact p-value >0.05).

between HPV+ and HPV— tumors and the potential to refine patient
management based on this distinction. This study, for the first time,
summarized and compared the clinical, biological molecular, radiother-
apy and drug sensitivity differences between these two entities by using
various types of data including TCGA public data and GDSC database
information.

In the study, clinical analysis shows that HPV— tumors occur in
older women and are often adenocarcinomas or adenosquamous carci-
nomas, which is reasonable and consistent with actual clinical research
and previous studies [28], indicating that it is necessary to further study
the histological subtypes of cervical cancer. 166 distinct genes were
identified between HPV -positive and -negative tumors, and 90.96% of

them were overexpressed in the HPV— tumors. Specifically, six GO
terms were associated with phosphatidylinositol, including FGFR1,
FGF18, FGF9, FGF20 and FGF3. Prior studies classified them as members
of the basic fibroblast growth factor (FGF) gene family which possess
broad mitogenic and cell survival activities and are involved in diverse
biological processes including embryonic development, cell growth,
morphogenesis, tissue repair, tumor growth and invasion [29,30]. It is
found that FGF family genes are usually higher expressed in HPV— tu-
mors, and FGF and PI3K pathway aberrations may be potential thera-
peutic targets [31]. Moreover, PRAME, higher-expressed in the HPV—
tumors, is also expressed in a variety of tumors, including melanoma,
non-small cell lung cancer, breast cancer, head and neck cancer, and

Table 2

Correlation between gene expression and cisplatin's IC50.
Genes Cor* p-Value Expression in HPV— Results
RP11-299L17.3 0.689 0.011349 High Expression The higher gene expression, the more drug resistance.
SLC14A2 —0.643 0.028347 High Expression The lower gene expression, the more drug resistance.
FGF18 —0.611 0.037622 High Expression The lower gene expression, the more drug resistance.
OASL 0.556 0.039395 Low Expression

The higher gene expression, the more drug resistance.

Cor* represents the correlation coefficient of gene and cisplatin in drug sensitivity analysis.
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renal cell carcinoma [32-36], and it may be one of the biomarkers that
distinguish HPV— patients from HPV+ patients. Additionally,
ANKRD7, SERPINB3, EMX2, MEI1, RNF212, RP11-13 K12.5, RP11-
325F22.2 and ZFR2 were found significantly relevant to cervical cancer
prognosis. Among these genes, EMX2, empty spiracles homeobox 2, is
expressed in epithelial tissues and is negatively regulated by HOXA10
[37] which may function in fertility, embryo viability, and regulation
of hematopoietic lineage commitment. Several studies have shown
that HOXA10 is relevant to ovarian cancer [38] and endometrial cancer,
and is able to promote the proliferation and invasion of ovarian clear cell
carcinoma. It can also affect the invasion and migration of breast cancer
cells by regulating the expression of P53 gene in breast cancer cells
[39,40]. Similarly, HOXA10 may be associated with cervical cancer, that
is, high expression of EMX2 in HPV— tumors may be one of the prognos-
tic indicators of HPV— cervical cancer. However, this conclusion needs
to be examined by further experimental research. Apart from this,
has-mir-182, has-mir-183 and has-mir-5002 which were overexpressed
in the HPV— samples were also identified, whereas the results have not
been confirmed.

Furthermore, there were profound differences in global somatic mu-
tation levels, and this study provided strong evidence that a fraction of
cervical cancers can slowly evolve to HPV by accumulating somatic mu-
tations in cancer driver genes. For instance, cancer driver genes TP53,
PTEN, CTNNB1, ARID5BA and ARID1A were far more likely to be mutated
in HPV— tumors. Finally, CDO1, PCDHB2 and MYOD1 demonstrated that
the response to radiotherapy between HPV+ and HPV— samples were
different, and RP11-299 L17.3, SLC14A2, FGF18 and OASL showed differ-
ent drug-response to cisplatin between the two entities, but these re-
sults need to be further validated.

Briefly, we sought here to provide a comprehensive understand-
ing of molecular and clinicopathological characteristics of cervical
cancers that are independent of HPV oncogene activity. The molecu-
lar differences between HPV+ and HPV— tumors may favor the op-
portunity to be targeted under specific therapeutic approaches
separately. However, this study has a few limitations. Firstly, the
small sample size of HPV— cervical cancer may make it difficult to
detect the overall survival difference between the two entities. Addi-
tionally, the TCGA data enrolled for analysis was mostly collected
from patients with cervical cancer in developed countries, but lacked
data from developing countries. To put it in a nutshell, this study
mainly reveals the distinct genomic differences between HPV+ and
HPV— cervical cancers, which could encourage further studies to
better understand the molecular mechanism of cervical cancer with-
out HPV infection and to develop novel drugs or targeted therapies
for clinical use.
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