
Page 1/17

Identi�cation of prognostic genes after platinum-
based chemotherapy in ovarian cancer
Jianyang Feng  (  fengjianyangmk@gzhmu.edu.cn )

Klinikum der Universitat Munchen Klinik und Poliklinik fur Frauenheilkunde und Geburtshilfe
Grosshadern https://orcid.org/0000-0003-3973-5859
Lijiang Xu 

Department of Obstetrics and Gynecology, the First People's Hospital of Foshan
Yangping Chen 

Department of Obstetrics and Gynecology, the First People's Hospital of Foshan
Weifeng Li 

Department of Obstetrics and Gynecology, the First People's Hospital of Foshan
Yuyuan Zhu 

Department of Obstetrics and Gynecology, the First People's Hospital of Foshan
Gang Wang 

Department of Obstetrics and Gynecology, Sichuan Provincial hospital for Women and Children
Xiujie Sheng 

Derpartment of Obstetrics and Gynecology,the Third a�liated hospital of Guangzhou Medical University

Research article

Keywords: ovarian cancer, platinum-based chemotherapy, differentially expression gene, prognosis,
bioinformatic analysis

Posted Date: May 28th, 2020

DOI: https://doi.org/10.21203/rs.3.rs-30263/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-30263/v1
mailto:fengjianyangmk@gzhmu.edu.cn
https://orcid.org/0000-0003-3973-5859
https://doi.org/10.21203/rs.3.rs-30263/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/17

Abstract
Background: Platinum-based chemotherapy plays a crucial role in pre- and post-operative therapy in
advanced stage ovarian cancer (OC). The objective of this study was to explore differentially expression
genes (DEGs) and their survival impact after exposing to platinum-based chemotherapy in OC patient via
integrated bioinformatics analysis.

Methods: Gene expression pro�les of RNA-seq data in OC were extracted from the GEO and TCGA
databases respectively. DEGs were sent to perform functional Gene Ontology and KEGG pathway
enrichment analyses. Survival analysis was processed to identify signi�cant prognostic genes. After
overlapping between DEGs and prognostic genes, univariate and multivariate Cox proportion hazards
models were utilized to estimate the hazard ratio of the potential genes with a 95% con�dence interval.
Finally, the Kaplan-Meier log rank test and the time-dependent receiver operating characteristic (ROC)
curve were performed to evaluate the potential prognostic prediction in platinum-based chemotherapy OC
patients.

Results: A total of 484 up-regulated and 495 down-regulated DEGs were identi�ed. Down-regulated DEGs
remarkedly enriched in the cell cycle, oocyte meiosis, progesterone-mediated oocyte maturation,
homologous recombination in KEGG pathway enrichment analyses. After overlapping with survival genes
in the TCGA cohort, 64 DEGs were demonstrated prognostic potential. Then 29 genes were further
identi�ed by univariate analyses. Multivariate analyses indicated eight of 29 genes (DHRS9, OVOS2,
STAC2, TCF15, AADAC, LOC730183, LOC440910, ARHGDIG) demonstrated survival prediction potential in
platinum-based chemotherapy OC patients. The area under the curve of the time-dependent ROC curve
was 0.725 for 5-year survival prediction based on those eight genes.

Conclusion: These prognostic genes identi�ed in this study indicate some signi�cance for prognosis
prediction in platinum-based chemotherapy OC patients.

Background
Ovarian cancer (OC) is the most lethal carcinomas in female genital tract compared to cervical and
endometrial cancer, resulting in 13,940 estimated deaths in the United States in 2020[1]. Platinum-based
chemotherapy is the medical backbone of �rst-line treatment and contributes signi�cantly to the
improvement of outcome for advanced stage OC. However, resistance to chemotherapy eventually
impairs overall survival and frustrates clinicians. Despite the toxicity of chemotherapeutic agents,
evidence had demonstrated that chemotherapy could also induce cancer cells interacting with cancerous
stromal ingredients in the tumor microenvironment (such as CD8+ T cell, M2-macrophage, �broblast,
etc.), which would facilitate chemotherapy resistance and induce immunosuppression[2-4]. The
evolvement of molecular biology in genomics has increased our perceptions of the pathogenesis and
pathophysiology in OC[5]. Owing to the development of high-throughput sequencing technology, it is
possible to elucidate fundamental mechanisms in gene expression and regulation of pathogenesis in OC.



Page 3/17

Thus, to explore speci�c gene expressions after exposing to platinum-based treatment in OC patients
would facilitate us to understand the mechanisms of tumor cell and its microenvironment response to
chemotherapy. Furthermore, �guring out the prognostic gene after platinum-based adjuvant
chemotherapy in OC contributes to survival evaluation and making treatment decisions. Gene Expression
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) is a public functional genomics data repository,
storing dozens of sequencing data in diverse diseases. The Cancer Genome Atlas (TCGA), a landmark
cancer genomics program, containing numerous integrated genomics data archives of diverse primary
cancers, is publicly available.

It is cost effectiveness and time saving to study the complex and massive crosstalk network information
driven by speci�c gene expression via integrating bioinformatics algorithms. In this study (the work�ow
was shown in Fig. 1), we extracted the GSE143897 dataset from GEO database. Differentially expressed
genes (DEGs) were identi�ed in platinum-based chemotherapy OC patients. Survival analysis was
proceeded to distinguish prognostic genes from the TCGA OC patient dataset. With integrated analysis of
DEGs and prognostic genes, candidate prognostic genes in platinum-based treatment OC patients were
recognized. Univariate Cox proportional hazards model analyses further identi�ed those potential genes.
After multivariate Cox regression analyses, the remained candidate genes were applied to calculate the
risk score. Then the time-dependent receiver operating characteristic (ROC) curve was developed to
evaluate the prognostic predictive model.

Methods
Data collection

GSE143897 dataset was retrieved from the GEO database. It contained 123 integrated samples including
serous ovarian cancer primary tissues, ascites and post-treatment tissues. According to the platinum
treatment strategy, 18 pairs of samples were subdivided into pre- and post-platinum treatment group
respectively.

RNA-Seq HTSeq count data of the TCGA-OV project was obtained from Genomic Data Commons Data
Portal (https://portal.gdc.cancer.gov/, accessed 12 Feb 2020), which contained 376 cases with available
follow-up information respectively.

Identi�cation of DEGs

DEGs were identi�ed with the limma package (version 3.42.2)[6], running on R (version 3.6.2). Genes with
|logFC| >1 and p<0.05 were judged to be differentially expressed. The normalization of RNA-seq count
data in GSE143897 by the quantile method of limma package was performed.   

Functional Gene Ontology and Pathway enrichment analysis of DEGs

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment
analyses were performed by the clusterPro�ler package (version 3.14.3)[7]. Signi�cant enrichments were

https://www.ncbi.nlm.nih.gov/geo/
https://portal.gdc.cancer.gov/
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determined by FDR<0.05.

Survival analysis

Survival analysis was proceeded by the survival package (version 3.1-12)[8]. TCGA cohort patients were
categorized into high or low group according to the median log2 transformed RNA-seq HTSeq count data
of a certain gene. A gene with p < 0.05 was considered as prognostic signi�cance.

Univariate and multivariate Cox proportional-hazards models analysis and assessment of risk models

The venn diagram was constructed by the VennDiagram package (version 1.6.20)[9] to obtain the
overlapping signi�cant prognostic DEGs between GSE143897 and TCGA-OV cohort. The intersected
prognostic candidate genes with p < 0.05 were sent to perform univariate Cox proportional hazards model
analyses to evaluate survival impact. Then multivariate Cox proportional hazards models by “step”
method were applied to determine independent impact on prognosis. The hazard ratio (HR) with 95%
con�dence interval (CI) was evaluated. The risk score value of a speci�c gene based on its expression
was generated by the “predict” function of the survival package. Therefore, the OC patients were
classi�ed into low- and high-risk groups based on the median risk score. Kaplan-Meier curve was
assessed by the log-rank test and visualized by survminer package (version 0.4.6)[10]. The time-
dependent receiver operating characteristic (ROC) curve was used to assess the predictive accuracy of
prognostic signature by timeROC package (version 0.4)[11].

Results
Identi�cation of DEGs between pre- and post-chemotherapy in OC

According to the platinum chemotherapeutic strategy, 18 pairs of 123 samples from GSE143897 were
subdivided into pre- and post-platinum treatment group respectively. Total 484 up-regulated (logFC >1)
and 495 down-regulated (logFC <1) signi�cant DEGs between two groups were identi�ed (Fig.2 A). Top
�fty DEGs heatmap in two groups were illustrated in Fig.2 B.

Functional GO and KEGG pathway enrichment analysis of DEGs

In the functional GO enrichment analysis of up-regulated DEGs, 1) for Biological Process (BP) (Fig. 3 A),
genes were signi�cantly enriched in response to chemical, regulation of response to stimulus, response to
organic substance, immune system process, regulation of multicellular organismal process, etc. 2) for
Cellular Component (CC) (Fig. 3 B), these genes were signi�cantly involved in the extracellular region,
extracellular space, extracellular region part, plasma membrane part, intrinsic component of plasma
membrane, etc. 3) for Molecular Function (MF) (Fig. 3 C), they have participated in molecular transducer
activity, signaling receptor activity, signaling receptor binding, calcium ion binding, RNA polymerase II-
speci�c DNA-binding transcription activator activity, etc.
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In the down-regulated DEGs, 1) for BP (Fig. 3 D), genes were remarkedly enriched in the cell cycle, mitotic
cell cycle, mitotic cell cycle process, cell division, organelle �ssion, etc. 2) for CC (Fig. 3 E), those genes
were incorporated in chromosomal part, chromosome, chromosomal region, spindle, condensed
chromosome, etc. 3) for MF (Fig. 3 F), these genes were involved in drug binding, adenyl ribonucleotide
binding, adenyl nucleotide binding, ATP binding, ATPase activity, etc.

Meanwhile, in the KEGG pathway enrichment analysis, the up-regulated DEGs were notably taken part in
osteoclast differentiation, transcriptional misregulation in cancer, cell adhesion molecules (CAMs),
rheumatoid arthritis, TNF signaling pathway (Fig. 4 A), etc. While the down-regulated DEGs were markedly
associated with cell cycle, oocyte meiosis, progesterone-mediated oocyte maturation, homologous
recombination (Fig. 4 B).

Survival analysis in ovarian cancer

We obtained 940 signi�cant survival impact genes (p<0.05, Fig. 5) in the 376 TCGA OC cohort. Then
intersected with DEGs from GSE143897, 64 signi�cant prognostic DEGs were extracted (Table 1).
Univariate Cox regression analyses further identi�ed 29 of 64 signi�cant survival genes. Details of HRs
about these genes were demonstrated in Table 2 with 95%CI and p-value. Multivariate Cox regression
analyses by the “step” method indicated that eight of 29 genes (DHRS9, OVOS2, STAC2, TCF15, AADAC,
LOC730183, LOC440910, ARHGDIG) were signi�cantly independent prognostic impact (Details were
shown in Table 3). Kaplan-Meier curves with a log-rank test of these genes were illustrated in Fig. 6.

Survival model construction and predictive accuracy evaluation

These eight genes were further sent to build prognostic models. The risk score formula was imputed as
follows: (0.0787 × expDHRS9) + (0.0896 × expOVOS2) + (0.1132 × expSTAC2) + (0.1265 × expTCF15) +
(-0.1176 × expAADAC) + (-0.2784 × expLOC730183) + (0.0745 × expLOC440910) + (0.1012 ×
expARHGDIG). The AUC of the time-dependent ROC curve was 0.725 for 5-year survival prediction (Fig. 7).

Discussion
Platinum-based chemotherapy followed by primary debulking surgery is the �rst-line treatment for
advanced stage OC. Chemotherapeutics agents kill the cancer cells by diverse mechanisms. Meanwhile,
these toxic agents could also induce cancer cells interacting with stromal ingredients in the tumor
microenvironment to develop chemotherapy resistance and immunosuppression, which could result in
early tumor relapse and lethal dissemination. Thus, chemotherapy plays a double-edged sword in the
treatment of OC. In this study, we integrated analyzed 18 pairs of samples to identify DEGs after exposing
to platinum-based chemotherapy. Furthermore, integrating with the TCGA-OV project, 64 potential genes
indicated a prognostic impact. After processing univariate and multivariate Cox proportional hazards
regression analyses, eight genes (including DHRS9, OVOS2, STAC2, TCF15, AADAC, LOC730183,
LOC440910, ARHGDIG) �nally were domenstrated prognostic signi�cance with 0.725 of the AUC of the
time-dependent ROC curve for 5-year survival prediction.
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DHRS9 demonstrates oxidoreductase activity toward hydroxysteroids related to the drug metabolism-
cytochrome P450 pathway. Evidence indicated that the downregulation of DHRS9 expression was
associated with unfavorable prognosis in oral squamous cell carcinoma and colorectal cancer[12, 13].
However, on the contrary, the upregulation of DHRS9 expression contributed to poor prognosis in
platinum-based treatment OC in our study. Riquelme and his colleagues found DHRS9 was a speci�c and
stable biomarker of human regulatory macrophage, which used as a cell-based adjunct
immunosuppressive therapy[14]. Thus, up-regulated DHRS9 might participate in immunosuppression and
platinum metabolism to impair survival in OC ultimately. The underlying mechanism of the upregulation
of DHRS9 expression in platinum-based treatment OC is needed to further investigate. OVOS2 is a
pseudogene, related to serine-type endopeptidase inhibitor activity. Evidence showed that the over-
expression of OVOS2 signi�cantly increased the pathogenesis and progression in cutaneous malignant
melanoma[15, 16]. And in our research, we found up-regulated OVOS2 signi�cantly associated with poor
survival in OC. AADAC is a major esterase responsible for the hydrolysis of diverse clinical drugs[17].
Different from Liu's and his colleagues’ �ndings in gastric cancer[18], the downregulation of AADAC
expression contributed to worse survival in platinum-based treated OC in our study. STAC2 inhibits the
formation of the RANK signaling complex leading to the suppression of RANK-mediated NF-kappa B and
MAPK activation in osteoclast formation[19]. TCF15 involves in the transcriptional regulation of
patterning of the mesoderm[20]. In our study, we illustrated that the upregulation of STAC2 and TCF15
expression resulted in poor prognosis in platinum-based treatment OC. ARHGDIG as ion transport
mechanisms genes exhibiting speci�c promoter methylation, increased clear-cell renal cell cancer risk[21].
Unfortunately, the pathophysiological role and clinical signi�cance of STAC2, TCF15, LOC730183,
LOC440910 and ARHGDIG for OC have been rarely reported, and further investigation into STAC2, TCF15,
LOC730183, LOC440910 and ARHGDIG in OC is required.

Researches have constructed some predictive models based on chemotherapy related DEGs to predict the
prognosis and response to chemotherapy in OC patients. Bosquet and his colleagues found that based
on the 422-gene chemo-response prediction model, the AUCs could be similar to 0.70. After optimization
of the prediction model, a 34-gene model improved performance, and the AUCs could approach 0.80[22].
And Liu and his partners developed a qualitative transcriptional signature based on 226 samples of high-
grade serous OC patients receiving platinum-taxane adjuvant chemotherapy in the TCGA dataset, to
predict patient recurrence-free survival[23]. Similarly, Lu and his members found a 10 prognostic gene
panel to predict recurrence-free survival and overall survival in OC patients by the machine-learning
method[24]. Meanwhile, based on an eight-gene model in our study, the AUC of the time-dependent ROC
curve was 0.725 for 5-year survival prediction, which demonstrated relatively high speci�city and
sensitivity of the prognosis prediction for platinum-based treated OC.

Adjuvant chemotherapy is the mainstay treatment for advanced stage OC. Cancer cell could develop
resistance to chemotherapy inevitably. Through previous and our studies, we have known that
chemotherapeutic agents could drive massive speci�c gene expression response to chemotherapy in
cancer cell and its microenvironment. According to GO enrichment assessment in our study, the up-
regulated genes after exposing to platinum-based chemotherapy in OC were signi�cantly involved in
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response to chemical and immune system process in biological process evaluation. On KEEG pathway
enrichment exploration, the down-regulated genes were signi�cantly enriched in cell cycle pathway.
Hence, identifying those gene alteration after exposing to chemotherapy with prognostic impact in OC
motivates us to further study the underling mechanisms. Our next objective is to proceed functional
experiment validation and mechanism exploration.

There are some disadvantages to our study. Firstly. our study was based on silico analysis. Thus, further
validation by experiments is required as we mention above. To investigate the fundamental underlying
mechanisms in vivo and in vitro experiments could widen our knowledge of those critical genes in
platinum-based treatment OC. Secondly, validation by different datasets might enhance the accuracy of
the prediction model.

Conclusion
In conclusion, these eight prognostic candidate genes identi�ed in our study by integrated bioinformatics
analysis indicated that they may have relatively high prognosis prediction e�ciency for platinum-based
treatment OC patient. Future exploration of those potential biomarkers is worthy of study.

Abbreviations
OC: Ovarian cancer; DEGs: Differentially expression genes; GEO: Gene Expression Omnibus; FC: Fold
change; KEGG: Kyoto Encyclopedia of Genes and Genomes; ROC: Receiver operating characteristic curve;
TCGA: The Cancer Genome Atlas.
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Tables
Table 1. 64 signi�cant survival genes overlapping between GSE143897 and TCGA-OV cohort

Genes P.value Genes P.value Genes P.value Genes P.value

ATOH8 0.0487 SELL 0.0128 MFAP4 0.0108 LOC730183 0.0157

CHIT1 0.0166 PTPRD-AS1 0.0396 COL8A2 0.0343 CASC20 0.0334

NR4A1 0.0334 POU3F1 0.0140 STAC2 0.0074 RPLP0P2 0.0134

NR4A1AS 0.0464 DHRS9 0.0183 RSPO4 0.0025 CADM3 0.0336

PDZRN4 0.0342 GADD45B 0.0121 TRIP13 0.0360 COL11A2 0.0260

IGSF6 0.0344 JUNB 0.0395 TCF15 0.0072 COL6A6 0.0080

PER1 0.0072 CRLF1 0.0350 GPR19 0.0484 VGLL1 0.0495

LRRC17 0.0325 C22orf34 0.0270 LRRN4 0.0429 GOLGA2P7 0.0068

ZBTB16 0.0055 TRABD2B 0.0005 HOXB6 0.0180 CALB2 0.0139

HSPB7 0.0335 ABCC8 0.0073 WDR62 0.0473 LINC01829 0.0067

ODF3L1 0.0431 OVOS2 0.0382 KRT8 0.0226 LOC440910 0.0007

KLF2 0.0399 LINC00922 0.0338 AADAC 0.0014 PTGES2-AS1 0.0309

OMD 0.0134 NPAS4 0.0129 FAM72D 0.0410 CGN 0.0191

SCN4B 0.0408 PHYHIP 0.0159 HIF3A 0.0021 HOXB-AS3 0.0108

ATF3 0.0047 CCL19 0.0434 OR2B6 0.0334 ARHGDIG 0.0247

LMOD1 0.0433 IGFN1 0.0141 KCNS1 0.0025 CYP8B1 0.0388

 

Table 2. Univariate Cox proportional hazards analyses for 29 signi�cant prognostic genes
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Gene Beta HR (95% CI)* Wald.test P.value

NR4A1 0.0806 1.0839 (1.0043-1.1698) 4.28 0.0385

NR4A1AS 0.0829 1.0864 (1.0141-1.1638) 5.57 0.0183

PER1 0.1644 1.1786 (1.0366-1.3401) 6.29 0.0121

LRRC17 0.1057 1.1114 (1.0220-1.2087) 6.1 0.0136

ZBTB16 0.0685 1.0709 (1.0045-1.1417) 4.39 0.0361

HSPB7 0.0959 1.1007 (1.0028-1.2082) 4.07 0.0436

KLF2 0.1245 1.1326 (1.0069-1.2739) 4.3 0.0381

SCN4B 0.1264 1.1347 (1.0262-1.2547) 6.07 0.0138

ATF3 0.0991 1.1042 (1.0143-1.2020) 5.23 0.0222

DHRS9 0.0983 1.1033 (1.0269-1.1853) 7.2 0.0073

GADD45B 0.1280 1.1365 (1.0008-1.2906) 3.89 0.0486

JUNB 0.1340 1.1434 (1.0201-1.2816) 5.3 0.0214

CRLF1 0.0841 1.0877 (1.0052-1.1770) 4.36 0.0367

TRABD2B 0.1058 1.1116 (1.0347-1.1941) 8.38 0.0038

OVOS2 0.0682 1.0706 (1.0039-1.1417) 4.31 0.0378

COL8A2 0.1169 1.1240 (1.0223-1.2358) 5.83 0.0157

STAC2 0.0885 1.0925 (1.0354-1.1528) 10.43 0.0012

RSPO4 0.0738 1.0766 (1.0151-1.1418) 6.05 0.0139

TCF15 0.1647 1.1791 (1.0703-1.2989) 11.12 0.0009

AADAC -0.1080 0.8976 (0.8405-0.9586) 10.39 0.0013

HIF3A 0.0635 1.0656 (1.0012-1.1342) 3.98 0.0459

KCNS1 0.1017 1.1070 (1.0287-1.1913) 7.37 0.0067

LOC730183 -0.1544 0.8569 (0.7411-0.9909) 4.34 0.0372

CASC20 0.0787 1.0819 (1.0003-1.1700) 3.88 0.0490

GOLGA2P7 0.1581 1.1713 (1.0305-1.3313) 5.85 0.0156

CALB2 0.0690 1.0714 (1.0059-1.1412) 4.59 0.0322

LOC440910 0.0948 1.0994 (1.0359-1.1669) 9.74 0.0018

HOXB-AS3 0.0576 1.0593 (1.0038-1.1178) 4.39 0.0361
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ARHGDIG 0.0830 1.0866 (1.0075-1.1719) 4.63 0.0314

 

Table 3. Multivariate Cox proportional hazards analyses of eight independent signi�cant genes.

Genes Coe�cients Hazards Ratio Lower 95%CI Upper 95%CI P.value

DHRS9 0.0787 1.0819 1.0064 1.1630 0.0329

OVOS2 0.0896 1.0938 1.0211 1.1716 0.0107

STAC2 0.1132 1.1198 1.0583 1.1849 8.72e-05

TCF15 0.1265 1.1348 1.0281 1.2527 0.0121

AADAC -0.1176 0.8890 0.8257 0.9572 0.0018

LOC730183 -0.2784 0.7570 0.6446 0.8890 0.0007

LOC440910 0.0745 1.0773 1.0085 1.1508 0.0269

ARHGDIG 0.1012 1.1065 1.0177 1.2031 0.0177
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Figure 1

The work�ow of this study.
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Figure 2

Identi�cation of differentially expression genes (DEGs). (A) Volcano plot showing the DEGs in the 18
paired pre- and post-platinum treated ovarian cancer samples from GSE143897 (n=36). Genes with
|logFC| >1 and p<0.05 were identi�ed to be differentially expressed. Note: Down labeled as blue dots
represents the down-regulated genes. Up labeled as red dots represents the up-regulated genes and
Stable labeled black dots mean genes were not differentially expressed. (B) A heatmap of the top 50
differentially expression genes normalized by counts per million.

Figure 3

Gene Ontology enrichment analyses of DEGs in ovarian cancer. For up-regulated DEGs: (A) Top ten terms
of Biological Process. (B) Top ten terms of Cellular Component. (C) Top ten terms of Molecular Function.
For down-regulated DEGs: (D) Top ten terms of Biological Process. (E) Top ten terms of Cellular
Component. (F) Top ten terms of Molecular Function.
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Figure 4

KEGG pathway enrichment analyses of DEGs in ovarian cancer. (A) Top ten signi�cant terms of up-
regulated genes. (B) Signi�cant terms of down-regulated genes.

Figure 5

Venn plots to illustrate the identi�cation of signi�cant prognostic genes in ovarian cancer. A total of 64
differentially expressed prognostic genes were extracted.



Page 16/17

Figure 6

Kaplan-Meier plots with a log-rank test of the eight signi�cant prognostic genes.
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Figure 7

The area under curve of the time-dependent ROC curve for 5-year survival prediction based on the survival
signature.


