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Abstract

Background
The clinical presentations of high-grade serous ovarian cancer (HGSOC) and low-grade serous ovarian
cancer (LGSOC) differ. In this study, we aimed to identify the essential molecules for the diagnosis and
prognosis of these OC subtypes.

Methods
Differentially expressed genes (DEGs) between HGSOC and LGSOC were identi�ed using three GEO
series. The functional enrichment analysis was performed to investigate different biological processes
and pathways. The protein–protein interaction network was constructed, and hub genes were screened to
narrow the focus of the study. The discovered hub genes were frequently validated using prognostic
correlation, co-expression, and immunohistochemistry (IHC) in GTEx, Oncomine, GEPIA, cBioportal, HPA,
and other databases.

Results
In comparison with LGSOC, 79 upregulated genes and 85 downregulated genes were identi�ed in HGSOC,
and the biological roles of these genes were mostly centered on the cell cycle process and chromosomal
segregation. Among the 10 hub genes chosen, BIRC5 was favorably linked with overall survival of
patients with ovarian cancer (p = 0.014), whereas RRM2 was negatively correlated with the ovarian
cancer stage (p = 0.0251). In IHC studies, the intensity of BIRC5 expression in ovarian cancer was greater
than that in normal ovarian tissues; however, RRM2 was not substantially expressed in either ovarian
cancer tissues or normal ovarian tissues.

Conclusions
BIRC5 is a potential marker that can distinguish HGSOC from LGSOC, guide prognosis, and be utilized in
clinical IHC.

1. Background
Serous carcinoma, mucinous carcinoma, endometrioid carcinoma, and clear cell carcinoma are the
histological subtypes of epithelial ovarian cancer (OC)(1). Serous OC, the most frequent subtype, is
further subdivided into high-grade and low-grade serous OCs (abbreviated as HGSOC and LGSOC,
respectively)(2). The clinical characteristics of the two serous OCs differ(2). For example, we used the
Genomic Data Commons (GDC) database to evaluate survival data for HGSOC and unclassi�ed SOC and
found that patients with HGSOC exhibited worse disease-free survival (DFS, p=0.0151, Figure 1A). Despite
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a trend in overall survival (OS) analysis, the difference was not signi�cant (p=0.1370, Figure 1B). The
data set GSE151335 was used to verify the differences in progress-free survival (PFS) and OS between
HGSOC and LGSOC. Platform for GSE151335 is GPL28589 [Oxford Classi�er of Carcinoma of the Ovary].
Patients with HGSOC exhibited worse PFS (p=0.011, Figure 1C) and OS (p=0.0027, Figure 1D).

Furthermore, the chemotherapy regimens recommended for HGSOC and LGSOC are not differentiated in
the NCCN recommendations (2021 version) (https://www.nccn.org/guidelines/guidelines-detail?
catery=1&id=1453). Therefore, treatment resistance in patients with HGSOC and LGSOC is comparable.
According to research, LGSOC is often resistant to chemotherapy; however, the response of HGSOC to
chemotherapy varies(3). It implies that even in the HGSOC patient population, the prognosis may be
examined in depth across different subgroups. In conclusion, pathological differentiation of HGSOC and
LGSOC is particularly important due to differences in clinical manifestations and prognosis between
these OC subtypes. Additionally, the screening of the molecules that can guide prognosis and clinical
application of these molecules in the pathology department may provide references for the treatment and
follow-up of patients after surgery.

HGSOC is now known to be linked with TP53 mutations, whereas LGSOC is associated with BRAF and
KRAS mutations as the benign/borderline adenoma progression(4, 5). Given that BRAF and KRAS
mutations are often detected through next-generation sequencing(6), time and economic expenses
associated with LGSOC diagnosis are high. Immunohistochemistry (IHC) techniques are more commonly
utilized for differential diagnosis in real-world clinical settings. TP53 is a precise marker for the
differential diagnosis of HGSOC(7), although it occasionally produces errors in clinical practice.
Furthermore, the Gene Expression Pro�ling Interactive Analysis (GEPIA) website indicates that TP53 has
little predictive value for the prognosis of OC patients. Thus, the major clinical objective of this research is
to identify critical molecules that can distinguish diagnosis and inform prognosis based on HGSOC and
LGSOC expression differences (pHR=0.93, Supplementary Figure 1).

Therefore, the primary clinical goal of this research is to screen key molecules that can differentiate
diagnosis and guide prognosis based on differential genes expression of HGSOC and LGSOC.

2. Methods

2.1 Microarray data
Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo) functions as a public functional
genomics database of high throughput gene expression data, chips, and microarrays(8). Microarray data
of the human OC dataset were screened through the GEO database. The search strategy was as follows:
("ovarian neoplasms"[MeSH Terms] OR ovarian cancer[All Fields]) AND "Homo sapiens"[porgn] AND ("gse"
[Filter] AND "Expression pro�ling by array"[Filter] AND "attribute name tissue"[Filter]). Three gene
expression pro�les in HGSOC and LGSOC tissues were screened and downloaded from a total of 136
GEO Series (GSEs), namely GSE73638, GSE27651 and GSE14001. Platforms for GSE73638 is GPL20967



Page 4/25

[ADXOCv1a520630] Almac OC Disease Speci�c Array, while for GSE27651 and GSE14001 is GPL570[HG-
U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array. GSE73638 contains 13 HGSOC samples
and 7 LGSOC samples. GSE27651 contains 21 HGSOC samples and 13 LGSOC samples. GSE14001
contains 10 HGSOC samples and 10 LGSOC samples.

2.2 Identi�cation of DEGs
GEO2R is regarded as an interactive online tool that has been designed to compare two or more datasets
in the GEO series to identify differentially expressed genes (DEGs)(9). DEGs between HGSOC and LGSOC
tissues were identi�ed using GEO2R, with the cut-off points of adj.p < 0.05 and |logFC|> 1. DEGs in
GSE14001 were identi�ed only with the threshold of adj.p < 0.05 due to the limited DEGs by the
aforementioned threshold to ensure su�cient DEGs for subsequent analyses. Therefore, we �rst detected
the intersection DEGs between GSE73638 and GSE27651 and then used GSE14001 for a second
con�rmation. We used online Wien software to detect the intersection DEGs between the datasets.
Volcano and the heat map were painted to picture these DEGs by using the R ggplot2 and heat map
package.

2.3 Function enrichment analysis
The Gene Ontology (GO) datasets and Kyoto Encyclopedia of Gene and Genome (KEGG) pathway
enrichment were used to analyze DEGs at the functional level with WEB-based Gene Set Analysis Toolkit
(WebGestalt, http://www.webgestalt.org/option.php, version 2019). WebGestalt is a functional
enrichment analysis web tool, which has on average 26,000 unique users from 144 countries and
territories per year according to Google Analytics(10). The results were pictured in the R ggplot2 package.
P < 0.05 was considered statistically signi�cant.

2.4 GSEA analysis
Gene Set Enrichment Analysis (GSEA) is a computational method that determines whether an a priori
de�ned set of genes shows statistically signi�cant, concordant differences between two biological states
(e.g. HGSOC and LGSOC)(11). Since general GO and pathway analysis focus on a few genes that are
signi�cantly up-regulated or down-regulated, it is easy to miss some genes that are not signi�cantly
differentially expressed but have important biological signi�cance. To make up for this defect, the GSEA
approach was applied to recon�rm function enrichment analysis in GSEA software version 4.1.0, which
uses prede�ned gene sets from the Molecular Signatures Database (MSigDB v7.4).

2.5 PPI network construction and module analysis
Search Tool for the Retrieval of Interacting Genes (STRING, http://string-db.org, version 11.5) is a
database of known and predicted protein-protein interactions (PPI), which was applied to visualize the
potential gene interaction network(12). The minimum required interaction score is set to 0.700, which is
high con�dence. Cytoscape (a public bioinformatics software, https://cytoscape.org/, version 3.8.2) is an
open-source software platform for visualizing complex networks and integrating these with any type of
attribute data(13). The plug-in Molecular Complex Detection (MCODE, version 2.0.0) app of Cytoscape
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clusters a given network based on the topology to �nd densely connected regions with the following
criteria: degree cutoff = 2, node score cutoff = 0.2, K-Core = 2, Max. Depth = 100(14).

2.6 Hub genes selection and analysis
Another plug-in app cytoHubba (version 0.1) of Cytoscape predicts and explores important nodes and
sub-networks in a given network by different topological algorithms(15). In the present study, the top
nodes were ranked by Radiality algorithms. The mountain map and the grouped violin map are used to
observe the expression of the selected hub genes in GSE73638, GSE27651, and GSE14001, which were
pictured by the Sangerbox tools (http://www.sangerbox.com/tool)(16).

First, differential expression of 10 hub genes in normal ovarian tissue and OC tissue was analyzed by
Genotype-Tissue Expression (GTEx, https://www.gtexportal.org/) website(17) and Oncomine
(https://www.oncomine.org/) database(18). Second, the OS and stage analysis of 10 hub genes in OC
was conducted by GEPIA (http://gepia.cancer-pku.cn/index.html) database(19). Third, Mutation pro�les
of 10 hub genes in OC were analyzed by cBioportal (https://www.cbioportal.org/) database(20).

2.7 Further veri�cation of selected genes with potential
clinical value
According to the correlation between hub genes and the OS and stage of OC in GEPIA, Genes with
potential clinical value were selected for further veri�cation.

First, co-expression genes were analyzed using the Oncomine database(18), which were compared with
overlapping DEGs.

Second, IHC veri�cation was conducted using OC pathological tissue slices in Human Protein Atlas (HPA,
https://www.proteinatlas.org/, Version: 20.1) database(21).

Third, the upstream target miRNAs were screened using miRWalk (http://mirwalk.umm.uni-heidelberg.de/,
version new_update_2021) database(22), and Targetscan
(http://www.targetscan.org/vert_72/docs/help.html, version 7.2) database(23). The intersection target
miRNAs were veri�ed by GSE61741 from GEO, which is miRNA Pro�les in OC and controls. Platform for
GSE61741 is GPL9040 [febit Homo Sapiens miRBase 13.0]. GSE61741 contains 24 OC blood samples
and 94 normal blood samples.

3. Results
Supplementary Figure 2 summarizes the technical roadmap of this research, and the results are split into
�ve sections as follows.

3.1 Identi�cation of DEGs between HGSOC and LGSOC
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Among the 136 GSEs screened, we evaluated a total of four series that comprised HGSOC and LGSOC
broad gene expression microarray data, namely GSE73638, GSE73551, GSE27651, and GSE14001.
Because the series GSE73638 and GSE73551 belong to the same study, the current study included only
GSE73638 because it had a larger sample size. Table 1 summarizes the essential information for the
three GSEs.

  
Table 1

Sample details of the selected GEO Series.
GEO
Series

Publication
date

Platform Samples Source Cell type Case
number

GSE73638 8-Nov-16 GPL20967 102 Primary
tumor

Clear cell 12

Endometrioid 9

Mucinous 9

Serous low-grade 7

Serous high-grade 13

Ovarian
cells

  52

GSE27651 4-Mar-11 GPL570 49 Primary
tumor

Serous low-grade 13

Serous high-grade 21

Low-malignant tumor of
the ovary

9

Normal ovarian surface
epithelials cells

6

GSE14001 31-May-09 GPL570 23 Primary
tumor

Serous low-grade 10

Serous high-grade 10

Normal ovarian surface
epithelials cells

3

We utilized the GEO2R online program to identify 1465, 9914, and 230 distinct genes from GSE73638,
GSE27651, and GSE14001, respectively (Figure 2A, adj.P 0.01, |logFC| >1). The DEGs in the GSE14001 are
restricted by the aforementioned threshold. To guarantee the availability of su�cient DEGs for further
research, 9500 DEGs in GSE14001 were identi�ed with a threshold adj.P 0.05 and utilized to con�rm the
overlapping DEGs between GSE73638 and GSE27651. According to the Venn diagram, overlapping DEGs
between GSE73638 and GSE27651 comprised 157 upregulated and 204 downregulated genes (Figure
2B). Following validation by GSE14001, 79 upregulated and 85 downregulated genes were chosen for the
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current study (Figure 2C). We used heat maps to depict the distribution of screened gene expression in
each GSE between HGSOC and LGSOC (Figure 2D).

3.2 Enrichment analysis for DEGs
We used the WebGestalt web tool to perform GO and KEGG enrichment analyses to identify the most
important biological processes (BPs) and pathways. In total, 164 DEGs were mostly enriched in the BPs
associated with mitotic cell cycle, organelle �ssion, and nuclear division (Figure 3A) and pathways such
as hepatitis C, micro RNAs in cancer, and chronic myeloid leukemia (Figure 3B). In addition, we used
GSEA to validate the GOBP and KEGG pathways. The GOBP or KEGG pathways that were substantially
represented with a normalized p value of <0.05 were presented. In the HGSOC group, 363, 8, and 31 BPs
were enriched in GSE73638, GSE27651, and GSE14001, respectively, and three BPs were enriched in all
three GSEs (Figure 3C). In the LGSOC group, 88, 78, and 83 BPs were enriched in GSE73638, GSE27651,
and GSE14001, respectively, whereas 10 BPs were enriched in two GSEs (Figure 3C). Of the three GSEs,
only GSE73638 was enriched in 13 KEGG pathways in the HGSOC group (Figure 3D). In the LGSOC group,
the number of KEGG pathways enriched in GSE73638, GSE27651, and GSE14001 was 1, 1, and 5,
respectively, and no overlap was found among the GSEs (Figure 3D).

Meiotic cell cycle process, homologous chromosome segregation, and meiosis I cell cycle process were
the BPs con�rmed by the three GSEs (Figure 4). Cell cycle process and chromosomal segregation were
the GOBPs con�rmed through WebGestalt and GSEA. Chemokine signaling route and oocyte meiosis
were the KEGG pathways con�rmed through WebGestalt and GSEA.

3.3 PPI network construction and signi�cant module
identi�cation
We utilized the String database to estimate the protein-level connection of the overlapped DEGs (Figure
5A). We improved the visualization with Cytoscape software and constructed a PPI network with 115
nodes and 894 edges (Figure 5B). MCODE was used to divide the PPI network into four modules (Figure
5C); the �rst module had 38 nodes and 661 edges (MCODE score 35.730), the second module had 7
nodes and 21 edges (MCODE score 7.000), the third module had 5 nodes and 10 edges (MCODE score
5.000), and the fourth module had 3 nodes and 3 edges (MCODE score 3.000). We utilized Cytohubba to
�lter the top 10 Hubba nodes, namely BIRC5, CDC20, CDK1, CDKN3, MKI67, NUSAP1, RRM2, TOP2A,
TPX2, and UBE2C, for additional investigation using Radiality topological techniques (Figure 5D).

The expression differences between HGSOC and LGSOC could be displayed more naturally in the three
GSEs by using the mountain map (Supplementary Figure 3A) and the grouped violin map (Supplementary
Figure 3B).

3.4 Analysis of the hub genes
First, we used the GTEx website and the Oncomine database to evaluate the differential expression of 10
hub genes in normal ovarian tissues and OC tissues. Except for NUSAP1, which was moderately



Page 8/25

expressed in normal ovarian tissues, the expression levels of the other nine hub genes were low (Figure
6A). Other normal female reproductive organs, such as the breast, cervix, and endometrium, exhibited a
minimal expression of these 10 hub genes. All the 10 hub genes were highly expressed in OC tissues,
similar to those in other female common malignancies such as breast cancer and cervical cancer (Figure
6B).

Second, we used the GEPIA database to investigate the connection between the 10 hub genes and OC
OS/staging. Among the 10 hub genes, only BIRC5 was found to be favorably linked with OS in OC (pHR =
0.014, Figure 7A), and only RRM2 was found to be negatively correlated with OC staging (p = 0.0251,
Figure 7B).

Third, we used the cBioportal website to examine the alterations of the 10 OC hub genes. The oncoPrint
indicated that the ampli�cation of BIRC5, RRM2, and CDC20 has no evident concomitance, whereas the
ampli�cation of CDK1, MKI67, UBE2C, and TPX2 has a possible concomitance (Figure 8A). In OC, BIRC5
displayed more visible ampli�cation and gain mutations, whereas RRM2 displayed less visible
ampli�cation and gain mutations (Figure 8B).

3.5 Re-analysis of the genes with a potential clinical value
Based on the aforementioned results, BIRC5 and RRM2 with potential therapeutic utility were chosen
from a list of 10 hub genes for further investigations.

First, we examined the co-expressed genes of BIRC5 and RRM2 in the Oncomine database and compared
these genes with 164 overlapping DEGs. The DEGs, NUF2, KIF23, DEPDC1, TOP2A, and GPSM2, were
found to co-express with BIRC5 (Supplementary Figure 4A), whereas DLGAP5, CDKN3, ZWINT, MELK, and
CDC20 were found to co-express with RRM2 (Supplementary Figure 4B).

Second, we performed IHC on BIRC5 and RRM2 by using the HPA database. By using antibodies
HPA002830 and CAB004270, we found that the expression of BIRC5 in OC tissues was greater than that
in normal ovarian tissues (Figure 9A-B). RRM2 expression in OC tissues could not be identi�ed with the
antibody HPA056994 in both OC tissues and normal ovarian tissues (Figure 9A&C).

Third, we utilized the miRWalk and Targetscan databases to identify BIRC5 and RRM2 upstream miRNAs.
The intersection of the two datasets revealed that 88 miRNAs regulate BIRC5 expression, whereas 76
miRNAs regulate RRM2 expression. Simultaneously, four miRNAs were found to control both BIRC5 and
RRM2 expressions (Figure 10A). The mRNA–miRNA map was constructed using Cytoscape, with the size
of the node representing the strength of the connection (Figure 10B). Then, we validated overlapping
miRNAs by using GSE61741, which contains miRNA pro�les from 24 OC blood samples and 94 normal
blood samples. The GEO2R online tool was used to identify 185 differential miRNAs from GSE61741
(Figure 10C, adj.P 0.05). The Venn diagram (Figure 10D) depicts the distribution of intersection miRNAs
for BIRC5 and RRM2 across the GSE61741, miRWalk database, and Targetscan database (Figure 10E).
Although 5 overlapping miRNAs were screened, we inferred that the upstream miRNAs of BIRC5 and
RRM2 exhibit low expressions in OC tissues due to the negative regulatory connection between miRNA
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and mRNA. In addition, by using the heat map, hsa-miR-520a-3p, hsa-miR-1323, and hsa-miR-324-3p were
found to match the requirements. Cytoscape was used to visualize the miRNA–mRNA map (Figure 10F).

4. Discussion
HGSOC and LGSOC have diverse clinical presentations, and the prognosis differs even within the same
group. However, our literature survey indicated that only few studies have compared HGSOC with LGSOC.
Thus, the goal of the present study was to identify and validate the essential molecules that can help in
distinguishing diagnoses and guiding prognoses of the two OC subtypes.

We identi�ed 164 robust DEGs by using the three GSEs. Based on WebGesalt and GSEA analysis, we
discovered that the GOBPs differing between HGSOC and LGSOC are mainly the cell cycle process and
chromosomal segregation, which is compatible with HGSOC's strong proliferative activity(24, 25).
Chemokine signaling and oocyte meiosis are the two crucial KEGG pathways. Chen et al. discovered that
the chemokine CCL20 increases paclitaxel resistance in CD44+CD117+ cells in OC through the Notch1
signaling pathway(26). Chiaramonte et al. discovered that the Notch pathway promotes OC development
and migration through the CXCR4/SDF1alpha chemokine system(27). These �ndings highlight the
growing relevance of the chemokine signaling system in OC research.

We then selected 10 hub genes out of 164 DEGs and conducted a series of studies on these genes. First,
we used the GTEx and Oncomine databases to examine the expression of the 10 hub genes in normal
ovarian tissues and OC tissues and observed substantial differences in the expression of all these genes,
except NUSAP1. Overexpression of the remaining 9 hub genes, including BIRC5 and RRM2, might have a
role in carcinogenesis. Second, we used GEPIA to examine OS and OC staging based on the 10 hub
genes. We found that only BIRC5 is favorably linked with OS, and only RRM2 is inversely correlated with
staging, which indicated the therapeutic signi�cance of these two genes. Third, we used cBioportal to
examine the mutations of the 10 OC hub genes and discovered that BIRC5 and RRM2 exhibit varying
degrees of ampli�cation and gain mutations. Consequently, we narrowed down our focus toward the
essential genes BIRC5 and RRM2.

By using the Oncomine database, we identi�ed the genes that were co-expressed with BIRC5 and RRM2 in
OC and compared these genes with the 164 DEGs examined. We identi�ed 5 DEGs that were co-expressed
with BIRC5/RRM2, which indicated the dependability of the hub genes BIRC5 and RRM2. Furthermore, as
stated in the introduction that the chosen molecules should be used in clinical IHC, we used the HPA
website to assess the feasibility of BIRC5 and RRM2 as IHC markers. The �ndings indicated that BIRC5
can differentiate between normal ovarian tissues and OC tissues; however, RRM2 could not be detected.
Finally, we investigated the upstream regulation of BIRC5 and RRM2 by using the miRNAs database.
Simultaneously, GSE61741 was utilized to con�rm the upstream regulatory miRNAs of BIRC5 and RRM2.
The results demonstrated that hsa-miR-520a-3p and hsa-miR-1323 can downregulate BIRC5 expression
in OC, whereas hsa-miR-324-3p can downregulate RRM2 expression in OC, which con�rmed the
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dependability of BIRC5 and RRM2 at the upstream regulatory level. In conclusion, BIRC5 offers a high
clinical application value.

BIRC5 is an inhibitor of the apoptosis gene family that encodes negative regulatory proteins, which
suppress apoptotic cell death. BIRC5 expression is high during fetal development and in most cancers
but low in adult tissues(28). Yin et al. used bioinformatics tools to investigate the OC OVDM1 cell line and
con�rmed the clinical signi�cance of BIRC5, which is consistent with the �ndings of our study(29). A
meta-analysis by He X et al. indicated that the protein survivin is closely linked to FIGO staging and tumor
grade of OC(30). BIRC5 has been considered a therapeutic target for cancers for more than 20 years(31).
Ozreti et al. revealed that the Hedgehog signaling pathway is linked to OC pathogenesis and that BIRC5
might be a novel target of this pathway(32). Wang et al. utilized an orthotropic OC mouse model to
con�rm that miR-203 suppresses ovarian tumor metastasis by targeting BIRC5 to prevent EMT(33). In the
present study, we discovered an intriguing phenomenon: OS of patients with HGSOC was found to be
poorer than that of patients with LGSOC (Figure 1); however, BIRC5, a stronger predictor of OS, was found
to overexpress in the HGSOC group (as shown in Figure 7A). This seemingly paradoxical behavior implies
that the categorization of the HGSOC group into subgroups based on the degree of BIRC5 expression
may guide the prognosis.

RRM2 encodes one of the two non-identical ribonucleotide reductase subunits. This reductase catalyzes
the conversion of ribonucleotides to deoxyribonucleotides. RRM2 has been reported to be a key gene
involved in various malignancies. Yang et al. recently revealed that RRM2 may prevent iron death in liver
cancer and can be utilized as a tumor biomarker(34). In patients with lung adenocarcinoma, two
investigations by Jin et al. and Ma et al. highlighted that the elevated RRM2 expression can be an
independent predictor for poor prognosis(35, 36). Through bioinformatics study, Shen et al. discovered
that RRM2 is substantially negatively associated with clinical staging in OC and that it represents an anti-
cancer therapeutic target for patients with OC. The �ndings are similar to those of the current study(36).
Figures 6 and 7B show that RRM2 is signi�cantly expressed in OC tissues compared with normal ovarian
tissues, which is an intriguing observation in our investigation. According to the HPA website analysis
results (illustrated in Figure 9), RRM2 could not be identi�ed in OC tissues through IHC, which might be
due to an issue with the antibody itself, and more investigation in this regard is warranted.

Although TP53 is a reliable IHC index for differentiating HGSOC from LGSOC, none of the 164 DEGs
examined in this study comprised the TP53 molecule, which necessitates the addition of novel
differential diagnostic markers in further investigations. Furthermore, we con�rmed the expression
connection between TP53 and BIRC5/RRM2 in OC by using the GDC website. Compared with wild-type
TP53, mutant TP53 is associated with increased expressions of BIRC5 and RRM2, with p values of 0.03
and 0.0063, respectively (Supplementary Figure 5). This �nding implies that the expressions of BIRC5
and RRM2 in OC are congruent with that of TP53 and that the three IHC results may be complementary.

The present study has some limitation. First, despite the screening of BIRC5 as a possible HGSOC
differential diagnostic and prognostic indicator, the experimental validation is lacking in this study.
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Second, the selection criteria for DEGs in GSE14001 are only speci�ed as adj.p < 0.05, which is utilized as
a secondary veri�cation for the summary results of DEGs in the other two datasets. Third, limited
pathological specimens (only three normal ovarian tissues and 12 OC tissues; Figure 9) were included in
the HPA database. The negative RRM2 IHC result in OC necessitates the inclusion of more pathological
specimens for veri�cation.

5. Conclusion
BIRC5 is the key molecule identi�ed in this investigation that can distinguish diagnosis, guide prognosis,
and be applied in clinical settings. The importance of this study is to provide a novel marker to guide
clinical practice. For the aforementioned limitations, we are currently gathering clinical data and
pathology materials for a more in-depth experimental study on BIRC5, including the control of its
upstream miRNA.

Abbreviations
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Abbreviation Full name

HGSOC High-grade serous ovarian cancer

LGSOC Low-grade serous ovarian cancer

DEGs Differentially expressed genes

DFS Disease-free survival

PFS Progress-free survival

GDC Genomic Data Commons

OS Overall survival

IHC Immunohistochemistry

GEPIA Gene Expression Pro�ling Interactive Analysis

GEO Gene Expression Omnibus

GO Gene ontology

KEGG Kyoto Encyclopedia of Gene and Genome

WebGestalt WEB-based Gene SeT AnaLysis Toolkit

GSEA Gene Set Enrichment Analysis

STRING Search Tool for the Retrieval of Interacting Genes

PPI Protein-protein interactions

MCODE Molecular Complex Detection

GTEx Genotype-Tissue Expression

HPA Human Protein Atlas

BP Biological processe
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Figure 1

The prognostic information of the high-grade serous ovarian cancer. (A&B) Disease-free survival and
overall survival between high-grade and unclassi�ed serous ovarian cancer in GDC database. (C&D)
Progress-free survival and overall survival between high-grade and low-grade serous ovarian cancer
through GSE151335. Disease-free survival, progress-free survival, and overall survival are predicted by
Kaplan-Meier analysis. A log-rank p-value < 0.05 was considered statistically signi�cant. The median seq
expression level was set as the cutoff for the KM plot. High-grade serous ovarian cancer sample number
= 489, unclassi�ed serous ovarian cancer = 1185 in GDC database. High-grade serous ovarian cancer
sample number = 238, low-grade serous ovarian cancer = 6 in GSE151335. The red line indicates high-
grade serous ovarian cancer, the blue line indicates unclassi�ed serous ovarian cancer, and the green line
indicates low-grade serous ovarian cancer.
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Figure 2

Screening of differential expressed genes between HGSOC and LGSOC. (A) Volcano plot of DEGs
between HGSOC and LGSOC in each dataset. (B, C) Veen diagram of overlapping DEGs from GSE73638,
GSE27651 and GSE14001. (D) Heatmap shows the distribution of DEGs data of each group extracted
from GSE73638, GSE27651 and GSE14001.
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Figure 3

GO and KEGG analysis of the overlapping DEGs between HGSOC and LGSOC. (A) Top10 of GOBP
enrichment via WebGestalt. (B) Top10 of KEGG pathway enrichment via WebGestalt. (C) Veen diagram of
overlapping GOBP in HGSOC and LGSOC groups via GSEA. (D) Veen diagram of overlapping KEGG
pathway in HGSOC and LGSOC groups via GSEA.
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Figure 4

The biological processes veri�ed by the three GSEs. NES, normalized enrichment score; NOM p-value,
Nominal p-value.

Figure 5

DEGs PPI network construction and module analysis. (A) PPI network via STRING. (B) PPI network via
Cytoscape. (C) Module analysis by MCODE: degree cutoff = 2, node score cutoff = 0.2, K-Core = 2, Max.
Depth = 100. (D) Hub genes analysis by cytoHubba (top 10 nodes ranked by Radiality algorithms).
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Figure 6

The transcription level of 10 hub genes in different normal tissues (A, GTEx) and cancers (B, Oncomine).
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Figure 7

The stage, expression, and overall survival information of hub genes BIRC5 (A) and RRM2 (B) in ovarian
cancer (GEPIA). Ovarian cancer sample number = 426 is in red, normal ovarian tissue number = 88 is in
gray. Overall survival is predicted by Kaplan-Meier analysis. A log-rank p-value < 0.05 was considered
statistically signi�cant. The median seq expression level was set as the cutoff for the KM plot. Total
patient number = 424. The red line indicates high expression, and the blue line indicates low expression. *
p <0.05, statistically signi�cant difference in expression. OV, ovarian cancer.
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Figure 8

The mutation state of 10 hub genes in ovarian cancer (cBioportal). (A) Oncoprint. (B) Different mutation
types of BIRC5 and RRM2 in ovarian cancer.
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Figure 9

The IHC expression pattern of BIRC5 and RRM2 in normal ovarian tissue and ovarian cancer. (A) Normal
ovarian tissue. (B) Representative IHC of ovarian cancer with not detected, low, and medium staining
intensity. The black rectangle indicates a higher magni�cation of the indicated area in the picture. (C) Bar
chart of IHC staining intensity of BIRC5 for ovarian cancer (total of 15 cases). (D) Bar chart of the IHC
staining intensity of RRM2 for ovarian cancer (total of 15 cases).
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Figure 10

The predicted upstream miRNAs of BIRC5 and RRM2 (miRWalk, Targetscan7.2, and GSE61741). (A) Veen
diagram of overlapping miRNAs of BIRC5 and RRM2 from miRWalk, Targetscan7.2. (B) mRNA-miRNA
map by Cytoscape. The size of the node re�ects the strength of the relationship. mRNA of BIRC5 and
RRM2 are in the red diamond box. (C) Volcano plot of differential expressed miRNAs between 24 OC
blood samples and 94 normal blood samples in GSE61741.(D) Veen diagram of overlapping miRNAs of
BIRC5 and RRM2 from miRWalk, Targetscan7.2, and GSE61741. (E) Heatmap shows the distribution of
differential expressed miRNAs data of each group extracted from GSE61741. (F) miRNA-mRNA map by
Cytoscape. The size of the node re�ects the strength of the relationship. hsa-miR-520a-3p, hsa-miR-1323,
and hsa-miR-324-3p are in the red diamond box, while mRNA of BIRC5 and RRM2 are in the blue circle
box.
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