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Abstract

Background
Clinopathological parameters such as age, residual tumor, grade and stage are often used to predict the
survival of ovarian cancer patients, but still the 5-year survival of high grade serous ovarian cancer
remains > 30%. Here we established a molecular gene signature-based scoring system using data of
ovarian cancer cohorts that could potentially determine the median overall survival of high-grade serous
ovarian cancer patients.

Methods
The data mining and analysis of raw expression data spanning over HGSOC cohorts (n = 4784) deposited
in various data repositories were performed. The feature extraction/ selection tool using Cox, LASSO
regression was conducted on training data to obtain predicted genes along with the coe�cients that
contribute to obtaining molecular prognostic score (mPS). The receiver operator characteristics curve
were plotted to study prediction e�ciency of mPS .

�ndings:
The 20 gene-based mPS predicted the 5-year overall survival with 70% e�ciency both in training (n = 491)
and test datasets (n = 491) and also applicable in training OTTA-SPOT HGSOC samples (n = 3762). The
mPS has signi�cant impact (HR [95%CI] = 6.1 [3.65–10.3]; p < 0.0001) on prognosis of HGSOC and
prediction is more sensitive and speci�c as compared to clinopathological parameters: FIGO, age,
residual disease. It was found that focal-adheson, Wnt, Notch signaling pathways are signi�cantly
upregulated whereas antigen processing and presentation are downregulated in high risk HGSOC cohorts.

Interpretation:
The molecular prognostic score derived from 20-gene signature is the prognostic marker or the risk
classi�er of HGSOC. It could be potentially harnessed in clinical settings to determine the overall survival
of ovarian cancer.

Research In Context
Evidence before this study: The conventional parametrs like age, Stage/FIGO score, residual disease
showed trend in prognosis1, but still the 5-year survival of ovarian cancer remain unchanged. Currently,
molecular gene-based prognostic score derived from the sum of cumulative prognostic genes and
associated coe�cients found to be universal prognostic marker/classi�er applied in various cancers:
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breast2, colon3 and prostate4. A similar approch has been applied using 101 -prognostic gene signatures
for predicting the survival of HGSOC using Nanostring platform5.

Added value of this study

Here in, we used machine learning algorithm to �lter or screen ~ 10,000 genes using various ovarian
cancer cohorts spanning multiple datasets. The derived 20 gene signatures classi�er is applied in training
data sets (n = 491) as well as The OTTA-SPOT (Ovarian Tumor Tissue Analysis consortium - Strati�ed
Prognosis of Ovarian Tumours) gene expression dataset (n = 3762)5. The sensitivity and speci�city as
prognostic classi�er of mPS relative to age, residual diseses, FIGO is studied for comparison.

Implications of all the available evidence

The 20-gene signature based molecular prognostic score is found to be associated with risk strati�cation
and predicting the over all survival time of HGSOC. It is applicable in all the datasets of HGSOC cohorts
including the study by Millstein, et al 5. It is sensitive and speci�c than the conventional parameters; age,
residual disease and FIGO score. The high risk group based on our molecular prognostic score is found to
have dysregualted pathways of Wnt, Notch, Akt siganling and Antigen presentaion. Thus, treatments
targeting these pathways might be bene�cial for high risk HGSOC.

Introduction
Epithelial ovarian cancer (EOC) is classi�ed into different categories based on histotypes and grade 6.
High grade serous ovarian cancer (HGSOC) accounts for 70% of EOC-related cases with > 75% death
within 10 years of diagnosis despite initial response with cytoreductive surgery and platinium based
chemotherapy. It might be due to the high rate of inter and intratumor genetic heterogeneity and
chromosome instability within HGSOC 7,8 subsequently supporting clonal evolution9 resulting in chemo-
or therapy resistance. Therefore, a search for e�cient gene signatures or prognostic markers is an urgent
umet need for HGSOC.

Survival prediction takes various factors into account; like age, FIGO stage, histology, residual disease,
tumor recurrence 1,10. However, prediction based on orthodox clinical information has limited potential to
give rise to a robust prognostic method because of the complex interaction of various molecular as well
as immunological factors leading to variable responses within the HGSOC. Recently the molecular
subtypes of HGSOC based on transcriptomics pro�le have been identi�ed 11,12. The most common and
consensus subtypes using various clustering algorithms are Mesenchymal, Immunereactive,
Differentiated, and Proliferative. Although these molecular subtypes showed distinct and differential
biological pathways activation between the groups but relatively have less in�uence on the survival of
patients using TCGA HGSOC cohort data 13.
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It has been shown that gene signatures could potentially and signi�cantly play role in determining the
survival of cancer patients 14 including ovary 13. A similar approch has been applied using 101 -
prognostic gene signatures for predicting the survival of HGSOC5.

Herein, we proposed to develop the molecular Prognostic Score (mPS), a machine learning approach for
stratifying the prognosis of HGSOC based on the expression levels of only 20 predictor genes. The
proposed study design is schmetically shown in Fig. 1. In this study, we have considered 1022
subjects/samples and screened common 10225 genes from the TCGA and Gene Expression Omnibus
(GEO) databases across different datasets to obtain prognostic gene signatures of HGSOC based on Cox
(Proportional Hazards) Regressional model. Then further trimming of prognostic genes and feature
extraction was done by applying LASSO regression model (Fig. 1).

Methods
Dataset: Gene expression raw microarray data were downloaded from TCGA (n = 544) data set viz.,
TCGA-OV (https://portal.gdc.cancer.gov/projects/TCGA-OV) as well Gene Expression Omnibus (GEO)
managed by the National Center for Biotechnology Information (NCBI)
(https://www.ncbi.nlm.nih.gov/geo/). The GEO datasets are GSE18520 (n = 63), GSE26712 (n = 195),
GSE26193 (n = 79), GSE63885 (n = 73), GSE14764(n = 68). Both the TCGA-OV (n = 544) and GEO datasets
(n = 478) accounting 1022 as a total number of clinical samples and 10225 as the common gene
symbols found in all data sets. The individual datasets were processed and normalized using the Robust
Microarray Average (RMA) approach. Further quantile Normalization (normalization between arrays) was
performed between different data sets to have a similar pattern or log-ratios have similar distributions
across various datasets (Suppl Fig. S1). The samples (n = 1016) with a minimum of 70% similarity
across the above-mentioned 6 datasets were chosen. Differential gene expression was performed
between HGSOC (n = 988) cases vs. control sample (n = 28) using R/Bioconductor, limma, and several
associated packages. The differential gene selection criteria used here are fold-change (FC) > = 1.5 and
false discovery rate (FDR) < 0.05. The detailed methodology is schematically represented in Fig. 1

Univariate analyses on differential gene expression: The obtained differentially expressed genes (SDE)
between HGSOC tumor vs control as explained above were selected, and univariate cox proportional
hazards regression analyses 15 were performed on these SDE genes and the associated survival data of
HGSOC cohorts. The genes that played role in survival of HGSOC patients are further �ltered by applying
log-rank p-value < 0.05 and 0.9 > hazard ratio (HR) > 1.1.

Regularized Cox Regression on selected genes based on univariate cox genes: The selected genes
obtained using univariate analyses were further used to conduct a multivariate regression analysis. Here
we have applied a least absolute shrinkage and selection operator (LASSO) estimation using R/Rstudio
with “cvglment”. The HGSOC samples were divided randomly into training (n = 491) and test (491) data
sets. The predictor-gene signatures (predictor variables; genei) and the associated coe�cients (coefi)
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were used to construct the molecular prognostic score (mPS) or risk score using training and test dataset
as shown in the equation below.

mPS =
n

∑
i

genei ∗ coefi

The predictor variables (e.g. genes) and the associated coe�cients were further applied to predict test
datasets. Receiver operating characteristics (ROC) curve analyses were performed at a different time (in
years) for survival data 16 to study prediction e�ciency.

The Molecular prognostic score (mPS) determines the risk score for survival: The risk score is obtained as
mentioned above is used to divide samples (HGSOC patients) into high (values above median) vs. low-
risk groups based on obtained median values. Kaplan-Meier survival plot is generated using R with
‘survival’ and ‘survminer’ packages.

Gene enrichment analysis using GO and KEGG databases: Gene enrichment analysis 17 was done by
applying Bioconductor package ‘limma’ 17 to know the role of various pathways associated with different
groups in HGSOC cohorts. These functions (goana, kegga) perform over-representation analyses for Gene
Ontology (GO) terms or KEGG pathways. Here the list of differential genes (FDR > 0.05) with the
associated Entrez Gene IDs were used as gene set for over-representation analysis. The MArrayLM
method extracts the gene sets automatically from a linear model �t object 17.

Data mining and analysis: The data was retrieved from the data repositories (TCGA, GEO) and analyzed
using R/Rstudio: R version 4.1.0 and the analysis code can be shared on request. The various packages
used are: TCGAbiolinks, RColorBrewer, SummarizedExperiment, GenomicRanges, GenomeInfoDb,
pheatmap, survivalROC, ROCR, glmnet, org.Hs.eg.db, AnnotationDbi, limma, survminer, and other base
pacakages.

Results
Differential gene expression between ovarian carcinoma and normal ovarian tissue: A total of 10225
genes and 1016 ovarian cancer samples with a minimum of 70% similarity were taken across the �ve
datasets as mentioned in the Materials and Method section. Batch effect due to different data sets was
removed (Suppl Fig. S1) The differential gene expression was performed between non-tumor (n = 28) or
control vs. primary HGSOC (n = 973) and recurrent tumor (n = 15) tissues. Among the analyzed genes, 649
(downregulated) and 473(upregulated) genes were differentially regulated in the primary HGSOC tumor
with respect to normal tissues (Fig. 2A) (Suppl Table S1). The boxplot of the top ten genes are shown in
Fig. 2B. Gene enrichment analyses were performed. As per Gene Ontology, the upregulated genes (p < 1.0
e-13) were mainly related to cell cycle process, cell cycle transition, cell/nuclear division, chromatin
organisation, chromatid segregation, and DNA replication (Suppl Table S2). Further, the KEGG analysis
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showed upregulation of cell cycle, DNA replication, oxidative phosphorylation, thermogenesis, autophagy,
carbon metabolism, microRNAs, and complementation cascade pathways. (Supp Table S3).

Construction of risk model: The differentially expressed genes with FDR (adj.p.value) > 0.05 (n = 1062)
(Suppl Table S1) were used as variables to conduct univariate cox regression analyses. The genes were
further �ltered after applying logrank-test (p.value < 0.05) and the hazard ratio (0.9 > HR > 1.1) lies below
0.9 and above 1.1. There are in total 122 genes of which 63 genes were found to be associated with
worse overall survival (HR > 1.1, p.value < 0.05) and 59 genes associated with better/improved overall
survival (HR < 0.9, p.value < 0.05) of HGSOC patients (Suppl Table S4). Finally, this pre-�ltered 122 genes
are used to construct LASSO estimation using the training dataset (randomly chosen samples; n = 491
samples) comprising of both TCGA and GSE cohorts. The log(λ) vs. partial likelihood deviance plot 18 as
shown in Fig. 3 with a different set of alpha (α) values. The 10-fold cross-validation along with alpha = 1
is used to calculate LASSO estimation. The dotted vertical lines indicate the corresponding λ values
(primary x scale) and gene number (secondary x scale) with minimal deviance (left).The right vertical line
shows us the most regularized model with CV-error within 1 standard deviation of the minimum. There
are 20 predictor genes and the associated coe�cients obtained using LASSO regression as shown in
Table 1. These 20 predictor genes and the associated coe�cients’ were used to obtain mPS. This mPS
score is used to predict the survival of HGSOC patients.
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Table 1: Predictor genes and associated coe�cients

Seriali genei coefi

1 RHOT1 0.1789

2 RPS6KA2 0.1459

3 ASAH1 0.1090

4 RASA1 0.1043

5 EDNRA 0.0750

6 NUCB1 0.0374

7 GFPT2 0.0296

8 LYVE1 0.0201

9 PIK3R1 0.0149

10 BACE2 -0.0047

11 WT1 -0.0074

12 ZNF330 -0.0075

13 GREB1 -0.0166

14 SCTR -0.0402

15 FAM8A1 -0.0455

16 INPP1 -0.0597

17 DIAPH2 -0.0826

18 P2RX7 -0.0907

19 BTN3A3 -0.1002

20 TMED10 -0.2182

Survival analysis based on molecular prognostic risk score (mPS): The risk score or molecular prognostic
score (mPS) was constructed based on 20 predictor genes. This score was divided into two groups based
on median values; high vs low-risk group. The survival or Kaplan-Meier plot was generated as shown in
Fig. 4. The training data sets (n = 491) and the remaining samples (n = 491) is used as test dataset for
validation of the mPS applying the predictor genes and the associated coe�ecients. The mPS score is
applied at a medium point to equally divide the score into higher mPS (higher risk group) and lower mPS
(lower risk group). The log-rank p-value (> 0.0001) of both training and test data sets indicates signi�cant
differences in the survival curve of high vs low-risk groups of HGSOC patients. The median overall
survival (OS) time (95% LCL − 95% UCL) of high and low-risk groups were in the training dataset was
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1024 (914–1168) and 1699 (1446–2012) days respectively as shown in Fig. 3A and Table. 1. Similarly
for the test dataset, the median OS time in days were 1091(1006–1234) and 1976 (1764–2279) for high
and low-risk groups of HGSOC respectively (Fig. 4B and Table 2).

Table 2
Groups based on molecular prognostic score and associated

median survival
Training set

Groups n events median 0.95LCL 0.95UCL

High 245 181 1024 914 1168

Low 245 139 1699 1446 2012

Q1 123 60 2621 2025 3224

Q2 123 80 1354 1113 1451

Q3 122 80 1203 972 1389

Q4 123 101 914 790 1058

Test set

High 245 190 1091 1006 1234

Low 245 131 1976 1764 2279

Q1 123 62 2025 1738 2553

Q2 123 70 1947 1392 2218

Q3 122 91 1224 1100 1484

Q4 123 99 1006 687 1092

Further, we have divided the training samples into four equal subgroups: Q1 (0 to 25th empirical quartile),
Q2(25th to 50th empirical quartiles), Q3(50th to 75th empirical quartile), and Q4(> 75th empirical quartile
mPS) based on the quantiles of mPS score. Q4 has the highest risk score followed by Q3, Q2, and Q1.
The median OS time in days was 2621, 1354, 1203, and 914 for Q1, Q2, Q3, and Q4 subgroups,
respectively (Fig. 4B, Table 2). In training data, there is an inverse relationship (R= -0.902, p = 0.049,
Pearson correlation) between mPS or risk score obtained and median OS time which indicates that the
mPS score is not only a qualitative indication of survival time but can quantitatively measure or predict
the survival time (Fig. 4C and D and Table 2). Similarly, a strong inverse correlation was also obtained for
test data (R = 0.954, p = 0.02) between our mPS score and OS time. The heatmap as generated using the
relative expression of poor predictor (n = 9 genes) vs good predictor (n = 11) genes (Suppl Fig. S2) could
potentially cluster both the training and test data based on mPS.

Prediction e�ciency based on risk score obtained using 20-gene signatures:
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The 20-gene signatures (lamda.min) obtained based on values plotted in the graph (Fig. 3) using 10 folds
cross-validation of both training and test data containing HGSOC cohorts of different datasets were used
to study sensitivity/speci�city using Receiever Operating Characteristic) RoC curve for survival data. The
Area under curve (AUC) values of ROC curves showed the prediction e�ciency of the prognostic model.
The ovarian cancer OS prediction using our prognostic model seemed to be e�cient as the AUC values
were 0.70 (± 0.03) and 0.68 ((± 0.03) across the span of 5 years for training data cohorts (Fig. 4E) and
test data cohorts (Fig. 4F) consisting of HGSOC indicating a very e�cient predictor for determining risk or
OS time (Fig. 4).

The clinical parameters often used are age, stage, tumor grade, ethnicity, residual disease. These
parameters are converted or scaled into numeric values as shown in Suppl Table 5, 6, and 7. Univariate
analysis using Cox regression analysis on survival data showed that age, FIGO stage, residual disease at
largest nodule showed a positive correlation (β coef > 1; hazard ratio > 1.2, pvalue > 0.05) indicating that
higher values of these parameters showed worse survival or poor prognosis (Table 3). Multivariate cox
regression analysis was performed with only signi�cant parameters as obtained from Table 3. Forest plot
for Cox-Proportional Hazards regression model of these parameters (Fig. 5A) shown that residual disease
at highest nodule showed signi�cant (p < 0.001) in determining prognosis with a HR (95% CI) 1.3 (1.13–
1.40) indicating increasing size of residual disease after cytoreductive surgery is associated with worse
survival. Interestingly, the molecular prognostic score (mPS) is the most signi�cant parameter (p > 0.001)
with a hazard ratio of 6.1 (3.65–10.30) when compared with other clinicopathological parameters. We
have also determined whether the addition of other established clinicopathological parameters such as
age, residual disease of the largest nodule can add prognostic values. It is found that prediction e�ciency
on the 5 year OS of HGSOC using the mPS score alone is 71% as compared to 60% prediction e�ciency
contributed by the residual disease of the largest nodule. Moreover, in the mPS score, the addition of
residual disease score based on severity and age doesn’t improve the prediction e�ciency (72%) of
HGSOC patients (Fig. 5B). Thus, mPS outperforms others' scores in terms of prediction e�ciency of OS
of HGSOC and could be potentially a pivotal prognostic factor in predicting the outcome of the severity of
HGSOC in terms of OS.
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Table 3
Parameters determining prognosis of HGSOC (Univariate Cox Regression)

  beta HR

(95% CI for HR)

wald.test p.value

age at diagnosis (High vs. Low) 0.32 1.4

(1.1–1.7)

8.5 0.0035

FIGO 0.17 1.2 (1.1–1.3) 8.2 0.0041

Tumor grade 0.21 1.2 (0.93–1.6) 2.1 0.15

Ethnicity -0.1 0.9 (0.4-2) 0.06 0.81

Residual disease of largest nodule 0.28 1.3 (1.2–1.5) 25 4.50E-07

molecular Prognostic score (mPS) 1.9 7 (5.1–9.7) 140 3.50E-32

Gene enrichment study/Pathway analysis using High (Poor) vs. Low (Good) risk group: To check the
changes in the gene expression between the high-risk (having higher molecular Prognostic Score; mPS)
vs low-risk, differential gene expression is studied. We found that there are 1988 and 2453 signi�cantly
(FDR > 0.05) up and down-regulated genes respectively, in high-risk group as compared to low-risk group
(Suppl Table S8). To check whether there is an involvement of particular pathways or events responsible
for the poor survival of HGSOC cohort patients, we have performed gene enrichment studies. Gene
enrichment by Gene Ontology terms indicates the involvement of DNA repair, respiratory electron
transport chain, cell cycle DNA replication are downregulated (P.down < 0.05) whereas cell migration,
extracellular matrix interactions, vascualture and blodd vessel develeopment are upregulated (P.up < 0.05)
as shown in Suppl Table S9. Similarly, pathways analysis using KEGG pathways showed similar results.
Here we found that Focal-Adhesion, Notch Signaling, Wnt Signaling. PI3-Akt Signalling, and Signaling
pathways regulating pluripotency of stem cells are upregulated (Fig. 5C, Table 4) whereas pathways
involving Antigen processing and presentation, cell cycle, DNA replication, and base excision repair
pathways are downregulated as shown in Fig. 5C. Since molecules involved in Wnt Signaling as well as
the Antigen processing and presentation has been reported due to their prognostic importance, we have
further shown the molecules and their involvement in these pathways (Fig. 5D and E).
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Table 4
Pathways upregulated in Higher mPS (higher risk group) with relative to lower mPS (lower risk group)
Pathway
ID

Pathway N Up Down P.Up P.Down

hsa04510 Focal adhesion 176 79 16 8.68E-
15

1.00E 
+ 00

hsa04612 Antigen processing and presentation 58 2 37 1.00E 
+ 00

1.27E-
10

hsa01100 Metabolic pathways 1071 137 340 1.00E 
+ 00

6.15E-
10

hsa04360 Axon guidance 149 60 17 2.92E-
09

1.00E 
+ 00

hsa05206 MicroRNAs in cancer 145 58 20 7.17E-
09

9.99E-
01

hsa03030 DNA replication 32 0 23 1.00E 
+ 00

1.39E-
08

hsa00190 Oxidative phosphorylation 88 6 45 1.00E 
+ 00

2.96E-
08

hsa05200 Pathways in cancer 455 134 87 1.01E-
07

9.95E-
01

hsa05330 Allograft rejection 32 1 22 9.99E-
01

1.04E-
07

hsa01200 Carbon metabolism 96 4 46 1.00E 
+ 00

2.57E-
07

hsa05205 Proteoglycans in cancer 181 64 31 3.02E-
07

9.90E-
01

hsa04932 Non-alcoholic fatty liver disease 135 22 59 8.51E-
01

3.26E-
07

hsa04512 ECM-receptor interaction 76 34 4 4.24E-
07

1.00E 
+ 00

hsa05208 Chemical carcinogenesis - reactive oxygen
species

165 29 68 7.58E-
01

6.25E-
07

hsa05332 Graft-versus-host disease 32 2 21 9.91E-
01

6.82E-
07

hsa05415 Diabetic cardiomyopathy 154 29 64 6.09E-
01

9.37E-
07

hsa04520 Adherens junction 63 29 7 1.45E-
06

9.97E-
01
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Pathway
ID

Pathway N Up Down P.Up P.Down

hsa04010 MAPK signaling pathway 259 82 35 1.48E-
06

1.00E 
+ 00

hsa05414 Dilated cardiomyopathy 83 35 5 1.60E-
06

1.00E 
+ 00

hsa04151 PI3K-Akt signaling pathway 296 91 40 1.65E-
06

1.00E 
+ 00

hsa04310 Wnt signaling pathway 133 49 21 1.89E-
06

9.92E-
01

hsa04933 AGE-RAGE signaling pathway in diabetic
complications

94 38 18 2.03E-
06

8.92E-
01

hsa04810 Regulation of actin cytoskeleton 176 60 31 2.80E-
06

9.84E-
01

hsa05012 Parkinson disease 198 30 76 9.52E-
01

3.73E-
06

hsa00020 Citrate cycle (TCA cycle) 28 2 18 9.82E-
01

6.76E-
06

hsa04926 Relaxin signaling pathway 109 41 17 7.09E-
06

9.88E-
01

hsa04919 Thyroid hormone signaling pathway 109 41 16 7.09E-
06

9.94E-
01

hsa05169 Epstein-Barr virus infection 181 23 69 9.94E-
01

1.35E-
05

hsa05224 Breast cancer 127 45 27 1.58E-
05

7.95E-
01

hsa01522 Endocrine resistance 84 33 18 1.92E-
05

7.48E-
01

hsa04015 Rap1 signaling pathway 178 58 23 1.94E-
05

1.00E 
+ 00

hsa03440 Homologous recombination 32 0 19 1.00E 
+ 00

1.97E-
05

hsa04330 Notch signaling pathway 45 21 2 3.13E-
05

1.00E 
+ 00

hsa04940 Type I diabetes mellitus 38 1 21 1.00E 
+ 00

3.28E-
05

hsa04916 Melanogenesis 86 33 10 3.39E-
05

9.99E-
01
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Pathway
ID

Pathway N Up Down P.Up P.Down

hsa01240 Biosynthesis of cofactors 99 8 42 1.00E 
+ 00

3.75E-
05

hsa04350 TGF-beta signaling pathway 83 32 19 3.97E-
05

6.35E-
01

hsa05165 Human papillomavirus infection 285 83 59 4.35E-
05

9.19E-
01

hsa04974 Protein digestion and absorption 73 29 7 4.74E-
05

1.00E 
+ 00

hsa03410 Base excision repair 31 2 18 9.90E-
01

4.96E-
05

hsa05020 Prion disease 211 40 76 5.99E-
01

5.06E-
05

hsa05014 Amyotrophic lateral sclerosis 264 41 91 9.59E-
01

6.59E-
05

hsa04550 Signaling pathways regulating
pluripotency of stem cells

123 42 29 8.04E-
05

5.78E-
01

hsa03430 Mismatch repair 22 0 14 1.00E 
+ 00

8.73E-
05

hsa03010 Ribosome 100 8 41 1.00E 
+ 00

1.17E-
04

hsa04261 Adrenergic signaling in cardiomyocytes 129 43 11 1.25E-
04

1.00E 
+ 00

hsa03040 Spliceosome 85 9 36 9.91E-
01

1.37E-
04

hsa05320 Autoimmune thyroid disease 41 2 21 9.98E-
01

1.43E-
04

hsa05164 In�uenza A 143 11 54 1.00E 
+ 00

1.50E-
04

hsa04923 Regulation of lipolysis in adipocytes 50 21 6 2.05E-
04

9.89E-
01

Discussion
The 20-gene signatures that were used to develop a molecular prognostic score (mPS) could potentially
determine the overall survival of HGSOC patients. The AUC (> 0.7) of mPS both in TCGA and GSE26712
datasets indicates the role of mPS in�uencing the overall survival of cancer patients. The mPS
determines the overall survival have been previously 2,5 demonstrated where the mPS score is positively
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correlated with worse survival of patients. In the recently published work 5, it had been shown that 101-
predictor genes had shown better prediction power than age and stage in advanced HGSOC. Interestingly,
we have used a lesser number of genes (20) than the published work using 101 predictor genes (Millstein
et al., 2020) which showed much-improved power of prediction in TCGA and GEO cohort data and an
almost similar power of prediction in both the test and the training data of HGSOC patients (Figs. 3 and
4). Thus, 20-gene signatures could be a better alternative to predict the outcome or survival of HGSOC
patients. Moreover, the predictor genes involving 101 prognostic genes (Millstein et al., 2020) that are
derived are from a total of 513 genes that are initially used for molecular classi�cation 19. The
differences might be atributed due to differences in pre�letering or screening approach and the total
number of gnes used during the process. Our pre�ltering approach is shown in Fig. 1. Initially, the
common genes (~ 10000 genes) in both TCGA and GEO data repositories containing HGSOC expression
pro�les are selected which is further �ltered to �nd differential genes in HGSOC tumor vs normal
samples. These genes are further pre�ltered by Cox regressional proportional hazards regression
(univariate) model. Thus pre�ltering of genes are different. This might be the reason for the deviation of
prognostic genes from our study and the published analysis. We have applied our 20-gene signatures to
obtain the mPS in OTTA-SPOT (Ovarian Tumor Tissue Analysis consortium - Strati�ed Prognosis of
Ovarian Tumours; n = 3762; GSE135820) cohort data set. There are only 3 genes (GFPT2, WT1, RASA1)
common between our 20-gene signatures and OTTA data set (Suppl Table S10). Interestingly, mPS score
derived based on the linear addition of coe�cients along with normalized counts/expression of 3 genes
potentially predict the overall survival of HGSOC patients (Fig. 6A and B). There is an inverse relationship
between OS time and mPS which means higher the mPS lower the survival. The prediction of mPS score
even based on 3 gene signature in the OTTA dataset (GSE135820) is very e�cient as the prediction
e�ciencies in determining OS time are 66%, 68%, 69%, 69%, and 72% for 1,2,3,4 5-year respectively
(Fig. 6C).

Our 20-gene based molecular prognostic score (mPS) is a robust dynamic prognostic indicator that
e�ciently predicts the outcome of HGSOC across various datasets of ovarian cancer. It is found that the
poor prognostic group or high-risk group of HGSOC have altered pathways regulating TGF-β, PI3K-Akt
survival, Wnt/Notch signaling signaling. Thus, targeting these dysregulated pathways might prove
bene�cial for the high-risk group that has poor survival outcome with current prevailing treatments.
Interestingly we found that the molecules involved in DNA replication and repair, antigen processing and
presentation are downregulated indicating the imuno supressive state in high risk group. Thus, there
might be the role of immuno evasion or antigenic escape and defective DNA repair pathways in therapy
resistance in high risk HGSOC. Hence, further investigation in their role in therapy resistance is needed to
�nd the target molecules and reprogram the HGSOC towards immunoactive state. Hence, it’ll be
noteworthy to conduct combination therapy using immunotherapy/agents overcoming
immunosupression and PARP inhibitors in HGSOC patients in an anticipation to improve the overall
survival.
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Figures

Figure 2

Differntial gene expression of Primary tumor (TP) vs normal region of the tumor (NT): A-B; Mean-
difference plot (aka MA plot) and the volcano plot with color coding for highlighted points (genes) with
signi�cant differences between tumor vs. normal. C; Box plot showing the top ten dysregulated genes in
Primary tumor (TP) vs Normal region of the tumor (NT). D; The key biological/molecular pathways that
are upregulted (P.Up; red color) or downregulated (P.Down; blue) are shown by barplot.  E; The key
molecules involve in cell cycle (hsa04110) regulation with FDR>0.05 and the indicated log2-fold change
(log2FC) as shown by gradient color scale.
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