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Abstract
Objectives：Currently, the standard treatment approach for locally advanced cervical cancer (LACC) is
concurrent chemoradiotherapy (CCRT). However, resistance to radiotherapy and chemotherapy often
leads to treatment failure. Intrinsic resistance is often a decisive factor in treatment response. Thus, it is
urgent to identify the key genes and pathways associated with CCRT sensitivity in LACC.

Materials and Methods：We searched the Gene Expression Omnibus (GEO) database for patients with
LACC and analyzed differentially expressed genes (DEGs) between responders and non-responders. Gene
Ontology (GO) enrichment analysis of DEGs were performed using DAVID tools. And Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment analysis of DEGs were conducted using R package
cluster Profiler. The Weighted Gene Co-Expression Network Analysis (WGCNA) from R package WGCNA
was used for the identification of highly correlated gene modules. A protein-protein interaction (PPI)
network was constructed using STRING and 20 hub genes were selected. The expression levels of these
20 genes were was analyzed using The Cancer Genome Atlas (TCGA) and Gene Expression Profiling
Interactive Analysis (GEPIA 2) databases. Furthermore, single-cell transcriptome sequencing was used to
elucidate the cell type composition of the cervix sample and analyze the expression levels of 10 hub
genes in cells.

Results: Compared with non-responders, 580 genes were significantly up-regulated. The up-regulated
genes were mainly related to Human papillomavirus infection, focal adhesion, and ECM-receptor
interaction signaling pathway. We screened 10 hub genes (COL1A1, COL6A1, COL6A2, LAMA4, COL6A3,
LAMC1, HSPG2, ITGA9, CTGF, PDGFRB) and further studied them. Compared with healthy people, these
10 genes were low expressed in cervical cancer patients, and their mRNA levels were positively correlated.
Receiver Operator Characteristic curve (ROC) analysis indicated that 10 hub genes could differentiate
responders from non-responders. Furthermore, we showed that COL1A1, COL6A1, COL6A2 were highly
expressed after radiotherapy or chemoradiotherapy. By analyzing the single-cell sequence, we found that
the main cell types in cervical tissue include Fibroblasts, Smooth muscle cells, Tissue stem cells,
Endothelial cells, Progenitor cells, Epithelial cells, T cells, Basal cells, Macrophages, and Mast cells. And
COL1A1, COL6A1, COL6A2, COL6A3, CTGF, PDGFRB were highly expressed in Progenitor cells.

Conclusions: In summary, COL1A1, COL6A1, COL6A2, LAMA4, COL6A3, LAMC1, HSPG2, ITGA9, CTGF,
and PDGFRB might serve as therapeutic targets to enhance the therapeutic effect of CCRT in the
treatment of LACC. These genes were involved in Human papillomavirus infection, focal adhesion, and
ECM-receptor interaction signaling pathway. And they were involved in various biological processes,
including cell adhesion and extracellular matrix organizations. Besides, COL1A1, COL6A1, COL6A2,
COL6A3, CTGF, and PDGFRB were highly expressed in Progenitor cells.

Introduction
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Cervical cancer is one of the leading causes of cancer death among women worldwide. The treatment of
cervical cancer remains a major therapeutic challenge for researchers and physicians [1]. Moreover,
morbidity and mortality in developing countries are significantly increased compared with developed
countries [2–4]. There are two types of cervical cancer, squamous cell carcinoma (SCC) and
adenocarcinoma (AC), of which SCC accounts for the largest proportion [5, 6]. One report from a
developing country has shown that over 80% of new cervical cancer cases are found at advanced stages
[7]. At present, the treatment of LACC mainly includes operation, chemotherapy, radiotherapy, or combined
treatment [8–10]. CCRT based on cisplatin is the primary treatment for LACC (patients with stage ⅠB2-ⅣA),
CCRT was reported improved overall survival and progression-free survival in LACC [11–13]. Cisplatin is
used to treat a variety of cancers, It interferes with the DNA repair mechanism, causes DNA damage,
induces apoptosis of cancer cells [14]. However, in the past work, we have found that treatment
resistance for some patients with LACC [15–17]. For patients who do not respond to CCRT, other effective
treatment options need to be adopted. Therefore, we need to look for genes and signaling pathways
associated with the treatment of LACC.

In the present study, we explored the interaction network of differentially expressed genes (DEGs)
between responders and non-responders along with interrelated signaling pathways in LACC by analyzing
the expression profile of gene expression microarray data (GSE56303-GPL10191, GSE56303-GPL16025,
and GSE56363) using bioinformatics tools. The purpose of this study is to find more CCRT sensitivity-
related key genes and pathways, which might serve as targets to increase CCRT sensitivity. And the
expression of these genes in cervical tissue cells was analyzed. We attempt to elucidate the causes of
failure of radiotherapy and chemotherapy for locally advanced cervical cancer.

Materials And Methods
Data acquisition

Microarray gene expression profiles were obtained from a previous study published in the GEO database
[18] (GEO Accession number GSE56303 [19]; https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE56303 and GEO Accession number GSE56363 [20];
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE56363). The keyword of the search is " locally
advanced cervical cancer ". The restricted research type is expression profiling by array, and the restricted
species is Homo sapiens. The selected data meets the following criteria: (1) The data set must be the
expression mRNA chip data of the whole cervical cancer genome; (2) The data must be a controlled study
of the effectiveness and inefficacy of CCRT for LACC; (3) The data set case (responders) - control (non-
responders) group must include or exceed 3 Samples; (4) Information on treatment results for each
sample must be provided. Data sets meeting the above criteria will be included in this study. Finally, there
are two datasets of data that meet our standards: GSE56303 (platform: GPL10191 NimbleGen Homo
sapiens HG18 090828 opt expr HX12 (12x135k); GPL16025 NimbleGen Homo sapiens Expression Array
[100718_HG18_opt_expr]) and GSE6363 (platform: GPL4133 Agilent-014850 Whole Human Genome
Microarray 4x44K G4112F (Feature Number version)). The GSE56303 dataset contains gene expression
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profiles of 63 responders （defined as the disappearance of all signs of cancer in response to treatment）
and 22 non-responder patients (defined as patients with partial, progressive, or stable disease), patients
with a confirmed pathologic diagnosis of CC staged IB2 up to IIIB. The GSE56363 dataset contains 21
patients with locally advanced squamous cell carcinoma (FIGO stage IIB-IIIB): 12 responders and 9 non-
responder patients (Table 1).

Identification of DEGs in responders and non-responders

Limma R package [21] was used to identify the DEGs between responders and non-responders through R
software (version 3.5.2; https://cran.r-project.org/). Fold-change (FC) values were calculated and the
DEGs were further selected based on the following cutoff criteria: P<0.05 and the absolute value of log2

FC (fold change) >0.5. The intersecting DEGs of responders and non-responders were used for further
analysis.

Gene ontology and pathway enrichment analysis

To identify the enriched function of 580 up-regulated DEGs, we used the DAVID online tool [22] to perform
GO analyses. GO analysis including three independent categories: biological process (BP), cellular
component (CC), and molecular function (MF). KEGG pathway enrichment analysis of DEGs were
conducted using the clusterProfiler package [23]. Adjusted pvalue < 0.05 as the threshold level for
statistical significance.

Identification of genes associated with clinical characteristics

In this study, all genes were involved to perform the WGCNA analysis by the R package WGCNA [24].
WGCNA uses the topological overlap measure (TOM) as a proximity measure to cluster genes into
network modules that combine the adjacency of two genes and the connection strengths with which
these two genes interact with other neighbor genes. A soft thresholding parameter was employed to
construct a weighted network. Here, we constructed co-expression modules through WGCNA related to
clinical traits, and obtained genes associated with clinical traits through WGCNA.

PPI network construction and hub genes identification

We used the STRING [25] to search the potential interactions between known proteins and predicted
proteins. It is the largest database for protein interaction information at present. Through this database,
we construct a PPI network, which was visualized using Cytoscape (version 3.7.1) [26]. And 20 hub genes
were selected from the PPI network using the MCC algorithm of the CytoHubba plugin [27].

Expression analysis of 20 hub genes

The Gene Expression Profiling Interactive Analysis (GEPIA 2, http://gepia2.cancer-pku.cn/) webserver has
been a valuable and highly cited resource for gene expression analysis based on tumor and normal
samples. To compare the difference in gene expression between cervical cancer patients and healthy
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people, we used GEPIA 2 [28] for analysis. The Cancer Genome Atlas (TCGA,
https://cancergenome.nih.gov/) database is a publicly funded project aimed at classifying and
discovering major genomic changes in cancer to create a comprehensive cancer genome map. In this
study, Gene expression data of cervical cancer patients were obtained from the TCGA database and co-
expression analysis was performed. The correlation of mRNA expression was analyzed by the Pearson
test. P<0.05 was considered to indicate statistically significant differences.

Further analysis of 10 down-regulated genes in cancer.

Receiver operating characteristic (ROC) curve analysis was performed to assess the diagnostic
performance in characterizing responders versus non-responders and determine the area under the ROC
curve(AUC). To compare the difference of gene expression before and after chemoradiotherapy, we
searched the public database GEO database (GSE3578 [29];
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE3578).

Single-cell sequence analysis of a cervical tissue

We performed a single-cell transcriptome sequencing analysis of a cervical sample (GSM3980130 [30];
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSM3980130). The Seurat package [31] in R 4.0.0
was used for quality control, statistical analysis, and exploration of the scRNA-seq data. The sample
contained 10,000 cells, and after quality control, a total of 9955 cells were included in this analysis. Then,
the gene expression of the remaining 9955 cells was normalized using a linear regression model. PCA
was performed to identify significantly available dimensions with a P-value < 0.05 [32]. Then, the uniform
manifold approximation and projection (UMAP) [33] algorithm was applied for dimensionality reduction
with 20 PCs and for performing cluster classification analysis. The differential expression analysis
among all genes within cell clusters was performed to identify the marker genes of each cluster.
Afterward, different cell clusters were determined and annotated by the singleR [34] package according to
the marker genes and were then manually verified and corrected with the CellMarker [35] database and
PanglaoDB [36]. The cell marker genes used for cluster annotation are shown in Supplementary Table 5.
Here, we elucidated the cell type composition of the cervix sample by scRNA-seq sequence analysis and
analyze the expression levels of 10 hub genes in cells.

Results
The DEGs between the response group and the non-response group were identified.

The limma package was used to estimate the fold changes and standard errors by fitting a linear model
for each gene for the assessment of differential expression. As shown in Fig. 1a. We set the cut-off
criteria as p-value < 0.05 and |log2FC| > 0.5 to screen the DEGs. There were 1358 significant differential
genes in GSE56303-GPL10191, including 860 up-regulated genes and 498 down-regulated genes. There
are 6048 differential genes in GSE56303-GPL16025, among which 3204 are up-regulated genes and 2844
are down-regulated. There are 4214 differentially expressed genes in GSE56363, including 2133 up-
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regulated genes and 2081 down-regulated genes (Supplementary Table 1). In summary, 580 up-regulated
genes and 153 down-regulated genes represent the differentially regulated genes in two or more datasets
(Fig. 1b).

Up-regulated DEGs were enriched to key functions and pathways.

Go and KEGG analysis revealed that 153 down-regulated genes were not enriched in meaningful
functions and pathways. The GO analysis of the 580 up-regulated DEGs was mainly enriched for the BP
terms cell adhesion and extracellular matrix organization. GO analysis in the category CC showed that the
DEGs were mainly accumulated in the extracellular matrix, extracellular exosome, membrane. The MF of
the DEGs were mainly related to protein binding and calcium ion binding (Fig. 2a). Additionally, Up-
regulated DEGs were significantly associated with Human papillomavirus infection (Supplementary
Fig. 1), Focal adhesion, Lysosome, Hippo signaling pathway, Protein processing in endoplasmic
reticulum, and ECM-receptor interaction signaling pathway (Fig. 2b). We showed the correlation between
genes and pathways (Fig. 2c & Supplementary Table 2). Furthermore, we analyzed the correlation
between pathways and pathways, and we found that Human papillomavirus infection, Focal adhesion
and ECM-receptor interaction signaling pathway were correlated (Fig. 2d).

Identification of genes associated with clinical features based on WGCNA

We have chosen the soft threshold power 6 to define the adjacency matrix based on the criterion of
approximate scale-free topology (Supplementary Fig. 2). The network and the 4 identified modules are
depicted in Fig. 3a, b. Figure 3c provides an alternate visualization of the module structure via a multi-
dimensional scaling plot (standard R function cmdscale). Furthermore, we performed cluster analysis,
Fig. 3d depicts the eigengene network using a dendrogram (hierarchical cluster tree). In general, 4 clusters
were grouped into two clusters, the blue and grey modules are highly correlated. Combined with Fig. 3e,
the blue modules were related to therapeutic effect.

Ten Hub Genes Are Associated With Chemoradiotherapy
Through ROC curve analysis, we found that COL1A1, COL6A1, COL6A2, LAMA4, COL6A3, LAMC1, HSPG2,
ITGA9, CTGF, and PDGFRB had better diagnostic performance in distinguishing responders from non-
responders in datasets of GSE56303-GPL16025 and GSE56363. The AUC values of these genes were all
greater than 0.7 in GSE56303-GPL16025 and GSE56363 (Fig. 5a). More importantly, the expression levels
of COL1A1, COL6A1, COL6A2 were significantly increased in cervical cancer patients after radiotherapy or
chemoradiotherapy (Fig. 5b).

Six hub genes were highly expressed in the Progenitor cells of cervical tissue

The sample contained 10,000 cells, the filtering parameters were set to nFeature_RNA > 200 &
nFeature_RNA < 2000 &Percent.mt < 40 & nCount_RNA < 4000, and 9955 cells were included in the
analysis (Supplementary Fig. 3a). We selected 20 principal components (PCs) with an estimated P_value 
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< 0.05 for subsequent analysis (Supplementary Fig. 3b). Afterward, the uniform manifold approximation
and projection (UMAP) algorithm was applied, and cells in the cervix were successfully classified into 12
separate clusters (Fig. 6a). We show the expression levels of the top 5 marker genes in each cluster with a
heat map (Supplementary Fig. 3c). According to the expression patterns of the marker genes, these
clusters were annotated by singleR, CellMarker, and PanglaoDB (Fig. 6b). Cluster 0, 3, and 4, containing
4126 cells, were annotated as Fibroblasts; clusters 1 and 2, containing 3215, were annotated as Smooth
muscle cells; cluster 5, containing 657 cells, was annotated as Tissue stem cells; cluster 6, containing 521
cells, was annotated as Endothelial cells; cluster 7, containing 485 cells, was annotated as Progenitor
cells; cluster 8, containing 389 cells, was annotated as Epithelial cells; cluster 9, containing 217 cells, was
annotated as T cells; cluster 10, containing 182 cells, was annotated as Basal cells; cluster 11, containing
116 cells, was annotated as Macrophages; cluster 12, containing 47 cells, was annotated as Mast cells.
We analyzed the expression of 10 hub genes in cervical sample cells, and the results showed that
COL1A1, COL6A1, COL6A2, COL6A3, CTGF, and PDGFRB were highly expressed in progenitor cells (cluster
7) (Fig. 6c).

Discussion
Cervical cancer remains a major health problem for women in developing countries. Cervical cancer is
deadly because most patients are already advanced at the time of diagnosis [37, 38]. About half of
patients with LACC will relapse or metastasize within the first two years after treatment, up to 40% of
patients have no response to conventional treatment [39]. The treatment of LACC is a complex biological
process. In recent years, although many new treatment methods have emerged, CCRT is still the main
treatment method [12, 40]. The reasons for the ineffectiveness of CCRT in the treatment of LACC are not
fully understood, and studies at the signaling pathways may help to explain this phenomenon. In this
study, we have integrated the data of responders and non-responders to radiotherapy and chemotherapy
for LACC, 10 hub genes (COL1A1, COL6A1, COL6A2, LAMA4, COL6A3, LAMC1, HSPG2, ITGA9, CTGF, and
PDGFRB) were identified by analyzing LACC patients with CCRT sensitivity, the expression levels of these
genes in cervical cancer were decreased and correlated positively with each other. COL1A1, COL6A1,
COL6A2, LAMA4, COL6A3, LAMC1, HSPG2, ITGA9, CTGF, and PDGFRB were mainly enriched in the
Human papillomavirus infection, focal adhesion, and ECM-receptor interaction signaling pathway. In
addition, we also discussed the cell types of cervical samples and the expression levels of these 10 genes
in the cells indicated that COL1A1, COL6A1, COL6A2, COL6A3, CTGF, and PDGFRB were highly expressed
in Progenitor cells. These studies provide further evidence to clarify the reasons for the failure of CCRT in
the treatment of LACC. These results may be the basis for developing new targeted strategies to improve
the prognosis of cervical cancer.

In this study, we found that the failure of chemoradiotherapy for cervical cancer was associated with
Human papillomavirus infection, focal adhesion, and ECM-receptor interaction signaling pathway.
Cervical cancer is the second most common cancer in women worldwide, persistent infection with one of
about 15 genotypes of carcinogenic human papillomavirus (HPV) causes almost all cases, HPV has been
identified as a major factor that leads to cervical cancer [9, 41, 42].
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Among the myriad of microenvironmental factors impacting on cancer cell resistance, cell adhesion to
the extracellular matrix (ECM) has recently been identified as a key determinant [43–45]. The extracellular
matrix (ECM) drives metastasis via its interaction with the integrin signaling pathway, contributes to
tumor progression, and confers therapy resistance by providing a physical barrier around the tumor [46].

In summary, our analysis found that chemoradiotherapy resistance in LACC is associated with human
papillomavirus infection, focal adhesion, and ECM receptor interaction signaling pathways. And we
identified hub genes that might be associated with chemoradiotherapy failure, which might be useful for
the accurate diagnosis and treatment of LACC.

In order to apply the findings to the treatment of patients, we need to do more work: (i) as only two
microarray profiles were analyzed, the sample size was not sufficiently large; thus, large-sample studies
are required to validate the findings. (ii) In order to analyze the effect of target gene expression on the
efficacy of radiotherapy and chemotherapy for advanced cervical cancer, more experiments should be
encouraged to further verify our results. (iii) It is necessary to study the cell types of responders and non-
responders using single-cell techniques.
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Due to technical limitations, table 1 is only available as a download in the Supplemental Files section.

Figures
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Figure 1

Identification of DEGs in LACC microarray datasets. (a) Volcano plots were used to show the overall
distribution of DEGs between responders and non-responders, red represents up-regulated genes, light
blue represents down-regulated genes. (b) Venn diagram of the EDGs in the 3 datasets. A total of 580 up-
regulated DEGs and 153 down-regulated DEGs were screened out.
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Figure 2

GO and KEGG signaling pathways analysis of the DEGs in LACC. (a) The BP/MF/CC of GO analysis of
580 up-regulated DEGs. (b) Scatter plot of KEGG pathway enrichment statistics. (c) cnetplot of KEGG
signal pathway shown the “pathway-gene” network. (d) emapplot of KEGG signal pathway shown the
“pathway-pathway” network.
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Figure 3

Identification of genes associated with clinical features and hub genes identification. (a) Gene
dendrogram obtained by average linkage hierarchical clustering. A total of 4 modules were identified. (b)
Heatmap plot of topological overlap in the gene network. Each row and column corresponds to a gene,
light color denotes low topological overlap, and progressively darker denotes higher topological overlap.
(c) Results of multidimensional scaling. (d) Relationships among modules was summarized by a
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hierarchical clustering dendrogram of their eigengenes. (e) Relationships of consensus module
eignegenes and clinical features. Numbers in the table report the correlations of the corresponding
module eigengenes and treatment effect, with the p values printed in parentheses. (f) There were a total
of 52 DEGs in the PPI network complex. The nodes meant proteins; the edges meant the interaction of
proteins. Hub genes screened by MCC algorithms from cytoHubba, the darker the color, the bigger the
degrees.
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Figure 4

Expression analysis of 20 hub genes. (a) Comparison of expression levels between cervical cancer
patients and normal controls. Red represents the cancer group, and the green represents the normal
group. (b) The heat map shows the co-expression relationship of hub genes, red represents negative
correlation, blue represents positive correlation, and the larger the circle is, the smaller the P-value is.
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Figure 5

Further analysis of 10 down-regulated genes in cancer. (a) ROC curve showed the accuracy of gene
expression in predicting the results of chemoradiotherapy. Different colors indicate different genes. (AUC,
the area under the curve; ROC, receiver operating characteristic curve) (b) Changes of expression levels of
10 hub genes before and after chemoradiotherapy. Green indicates the level of gene expression before
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radiotherapy or chemoradiotherapy; Red indicates the level of gene expression after radiotherapy or
chemoradiotherapy. (Paired T-test, P <0.05 was statistically significant)
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Figure 6

The cell types of cervical tissue and the expression level of 10 hub genes in cervical tissue cells. (a)
Identification of 12 cell clusters based on single-cell RNA sequence data. The UMAP algorithm was
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applied for dimensionality reduction with the 20 PCs. (b) All 12 clusters of cells in the cervix were
annotated by singleR, CellMarker, and PanglaoDB according to the composition of the marker genes. (c)
Violin diagrams and UMAP diagrams showed the expression level of genes in 12 clusters.
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