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INTRODUCTION 
 

Ovarian cancer is one of the deadliest types of 

gynaecological malignant tumors, resulting approximately 

125,000 deaths worldwide each year [1]. Among ovarian 

cancer types, approximately 80–90% of cases are 

epithelial ovarian cancer. Some of the genetic risk factors 

for ovarian cancer include mutations in the tumor 

suppressor genes BRCA1 and BRCA2 [2]. Among 

patients with ovarian cancer, 8% have BRCA1 mutation, 

6% have BRCA2 mutations, 6% have somatic BRCA1/2 

mutations, and 10% have BRCA1 promoter inactivation 

[3]. Epithelial ovarian cancers spread to the adjacent 

organs first and later spreads to the liver and lungs, 

although bone and brain metastases are rarely observed. 

The survival time of patients with ovarian cancer varies 

at different stages; the 10-year survival rate is ~30% in all 

patients, and a recent study showed that after initial 

chemotherapy, the 5-year mortality rate was 65% [1, 4]. 

The treatment for ovarian cancer is determined by a 

combination of surgery and chemotherapy, either primary 

debulking surgery followed by chemotherapy or neo-

adjuvant chemotherapy followed by interval debulking 

and chemotherapy [5]. Because of difficulties associated 
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ABSTRACT 
 

Ovarian cancer is a major gynaecological malignant tumor associated with a high mortality rate. Identifying 
survival-related variants may improve treatment and survival in patients with ovarian cancer. In this work, we 
proposed a support vector regression (SVR)-based method called OV-SURV, which is incorporated with an 
inheritable bi-objective combinatorial genetic algorithm for feature selection to identify a miRNA signature 
associated with survival in patients with ovarian cancer. There were 209 patients with miRNA expression profiles 
and survival information of ovarian cancer retrieved from The Cancer Genome Atlas database. OV-SURV achieved 
a mean correlation coefficient of 0.77±0.01and a mean absolute error of 0.69±0.02 years using 10-fold cross-
validation. Analysis of the top ranked miRNAs revealed that the miRNAs, hsa-let-7f, hsa-miR-1237, hsa-miR-98, 
hsa-miR-933, and hsa-miR-889, were significantly associated with the survival in patients with ovarian cancer. 
Kyoto Encyclopedia of Genes and Genomes pathway analysis revealed that four of these miRNAs, hsa-miR-182, 
hsa-miR-34a, hsa-miR-342, and hsa-miR-1304, were highly enriched in fatty acid biosynthesis, and the five 
miRNAs, hsa-let-7f, hsa-miR-34a, hsa-miR-342, hsa-miR-1304, and hsa-miR-24, were highly enriched in fatty acid 
metabolism. The prediction model with the identified miRNA signature consisting of prognostic biomarkers can 
benefit therapeutic decision making of ovarian cancer. 
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with early-stage detection and mass screening, ovarian 

cancer is the most lethal among all gynaecologic cancers. 

 

MicroRNAs (miRNAs) are small noncoding RNAs that 

have attracted increasing attention owing to their 

potential involvement in initiation, progression, and 

metastasis [6] of various cancers. Several studies have 

shown that the expression of noncoding RNAs is 

associated with various types of cancer; hence, these 

RNAs have been used for predicting cancer types [7–10]. 

Moreover, miRNA and gene expression profiling have 

been used for prediction of survival and as effective 

molecular diagnostic markers in various cancers [2, 11, 

12]. Recently, relationship between miRNA profiles and 

ovarian tumors has been studied extensively [13]; this 

study revealed that most miRNAs are downregulated in 

epithelial ovarian cancer and thus are associated with 

genomic copy number loss [14], indicating that miRNA 

expression is affected by genomic alterations. Studies on 

the dysregulation of miRNA expression in cancer may 

help to target oncogenes and to suppress their functions, 

thereby improving cancer treatment. 

 

There are many studies that have discovered miRNA 

signatures for the survival analysis and prediction of 

progression in ovarian cancer. For instance, Shih et al. 

identified two miRNAs miR-410 and miR-645 that are 

negatively associated with the overall survival in 

advanced serous ovarian carcinoma [15]. Bagnoli et al. 

identified 35 miRNAs to create a prognostic model, and 

predicted risk of progression or relapse in ovarian cancer 

[16]. Besides the ovarian cancer, miRNA signatures 

have been used to predict survival in other cancer types, 

such as glioblastoma [17], lung cancer [18], and 

hepatocellular carcinoma [19]. Additionally, miRNA 

signatures have used to predict new subtypes of cancers. 

For instance, mRNA and miRNA expression signatures 

were used to predict subtype of serous ovarian cancer 

[20]. Bhattacharyya et al. used miRNA signatures for 

identifying subtypes of breast cancer [21]. Recently, 

various effective computational methods have been 

developed to understand the miRNA disease association 

[22, 23]. Hence, miRNA signatures are proven to be 

important factors for predicting survival and subtypes in 

cancers. 

 

Various machine learning methods have been developed 

for cancer typing and diagnosis, including subtyping of 

liver cancer [24], breast cancer [25], lung cancer [26], 

and ovarian cancer [27]. These studies have used 

different machine learning models, such as support 

vector machines (SVMs) and artificial neural networks, 

along with various validation methods. Notably, SVMs 
have already been used to categorise the stages of 

ovarian cancer. De Smet et al. classified 31 patients 

with ovarian cancer into a stage I subgroup and an 

advanced-stage subgroup using least-square SVMs and 

principle component analysis, showing good accuracy 

[28]. Hartmann et al. used the cDNA gene expression 

profiles of 79 patients with ovarian carcinoma to predict 

early and late relapse [29]. Gevaert et al. have also 

estimated advanced-stage cisplatin resistance and stage 

I cisplatin sensitivity by means of microarray data 

obtained from 20 patients with ovarian cancer and 

observed a poor prediction [30]. Lisowska et al. utilised 

SVMs and Kaplan-Meier curves to predict disease-free 

survival and overall survival among 97 patients with 

ovarian cancer and observed no statistical difference in 

gene expression in the validation sets [31]. 

 

Only a few studies have therefore addressed prediction 

of cancer survival by means of a machine learning 

approach. One of the general issues with the use of 

machine learning methods is data quality, which is 

affected by noise and by missing and repetitive data. 

Thus, adequate data processing protocols are necessary 

for successful use of machine learning for the above 

purpose; feature selection plays a key role in reducing 

the number of unessential features to obtain a robust 

model. Overfitting is another general issue with the use 

of machine learning methods for predictive analysis of 

cancer. One of the known ways to avoid overfitting is 

cross-validation [32]. During cross-validation, a training 

dataset is used as a model and for testing. A comparison 

of model selection methods suggested that the 10-fold 

cross-validation (10-CV) method is the best approach 

for model selection [33]. 

 

Currently established treatments often fail to cure ovarian 

cancer. Substantial efforts have been made to find better 

therapeutic modalities to cure this cancer. As described 

above, to identify survival-related variants in ovarian 

cancer, miRNA expression data are often examined. 

Accordingly, the main aim of this work was to identify 

the miRNA signature that could estimate the survival of 

patients with ovarian cancer. In this work, we used The 

Cancer Genome Atlas (TCGA) database to retrieve 

miRNA expression profiles from 209 patients with 

ovarian cancer. We proposed a support vector regression 

(SVR)-based estimator (OV-SURV) for identification of 

miRNA signatures for the prediction of survival time in 

patients with ovarian cancer. As far as authors concern, 

this is the first study to use miRNA expression profiles 

and SVR to estimate the survival time in patients with 

ovarian cancer. OV-SURV identified a miRNA signature 

that associated with survival time of patients with ovarian 

cancer. We conducted 10-CV to assess the performance 

of OV-SURV. As a result, OV-SURV achieved a mean 

correlation coefficient of 0.77±0.01, with a mean 
absolute error of 0.69±0.02 years when comparing real 

and estimated survival time. Further, we seek to 

characterize the miRNA signature, as well as to 
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understand the molecular mechanism in ovarian cancer 

survival by using bioinformatics approaches.  

 

OV-SURV approach was based on an SVR and included 

an optimal feature selection method referred to as the 

inheritable bi-objective combinatorial genetic algorithm 

(IBCGA) [34]. Previously, an optimised SVR method 

was used to estimate the survival time of patients with 

glioblastoma [17], lung adenocarcinoma [18] and 

neuroblastoma [35]. This study could be ascribed to the 

following factors. Firstly, identifying the survival 

associated biomarkers in cancers are always necessary 

which could contribute to the prevention and diagnosis 

of cancers. Secondly, we customized the optimization 

method and tuned the parameters of OV-SURV, and 

prioritized the miRNAs of the signature to explore their 

roles in ovarian cancer. Thirdly, the prognostic power of 

the top ranked miRNAs in ovarian cancer was validated 

using survival curves. Fourthly, the biological 

significance of the identified miRNA signature was 

analyzed in terms of pathway analysis and functional 

annotations. Finally, importance of the top ranked 

miRNAs in ovarian cancer was verified by experimental 

literature. Further, we performed differential expression 

analysis and gene target prediction for the top ranked 

miRNAs. We hope that our findings can help identify 

new ovarian cancer-related miRNAs and contribute to 

the development of prognostic biomarkers in near future. 

 

RESULTS AND DISCUSSION 
 

Identification of miRNA signature associated with 

survival time 

 

First, we attempted to estimate the survival time of 

patients with ovarian cancer using miRNA expression 

profiles. We used a dataset containing 209 patients with 

ovarian cancer along with the expression profiles of 415 

miRNA and survival time data. OV-SURV included the 

optimal feature selection algorithm IBCGA and 

identified a miRNA signature consisting of 39 miRNAs 

that could be used to predict the survival time of patients 

with ovarian cancer. 

 

The OV-SURV-average yielded a correlation coefficient 

of 0.77±0.01 and mean absolute error of 0.69±0.02 years 

between real and estimated survival time. The data 

strongly suggested that the identified miRNAs were 

effective at estimating the survival time of patients with 

ovarian cancer. The system flow chart of this work is 

depicted in Figure 1. 

 

We compared this OV-SURV method with standard 

multiple linear regression [36], LASSO [37], and 

Elastic net [38]. The LASSO method resulted in a 

correlation coefficient and a mean absolute error of 0.48 

and 1.00 years, respectively. The Elastic net method 

resulted in a correlation coefficient and a mean absolute 

error of 0.55 and 1.00 years, respectively. The multiple 

linear regression method resulted in a correlation 

coefficient and a mean absolute error of 0.66 and 0.84 

years, respectively. A comparison of these results is 

shown in Table 1. The correlation plots between the 

estimated and real survival time obtained using OV-

SURV, LASSO, Elastic net, and multiple linear 

regression are shown in Figure 2. 

 

Further, OV-SURV was validated on an independent 

dataset from the TCGA database to evaluate the 

prediction performance. The dataset consisting of 160 

living patients who suffer from ovarian cancer with 

follow-up time was used for the validation. The follow-

up times of 160 patients were up to 5 years and the mean 

and standard deviation of the follow-up times were 

20.42 ± 16.30 months. The mean estimated survival time 

of OV-SURV was 33.85 ± 5.24 months. There were 123 

patients whose estimated survival time was longer than 

their actual follow-up time. The result revealed that OV-

SURV achieved the classification accuracy of 77% for 

estimating the survival of patients with ovarian cancer. 

The mean absolute error of predicting the remaining 37 

patients was 0.93 years which is slightly longer than the 

0.69 years in Table 1. The prediction performance of 

OV-SURV on an independent test cohort was measured 

based on our previous study [18]. The prediction result 

of OV-SURV for each of the 160 patients is shown in 

Supplementary Figure 1. 

 

Ranking of the identified miRNA signature 

 

To prioritize the miRNAs of the identified miRNA 

signature, miRNAs were ranked based on their 

contributions to the survival estimation using main effect 

difference (MED) analysis. There are 39 miRNAs in the 

identified miRNA signature. The 39 miRNAs of the 

signature, miRNA IDs, and MED scores are shown in 

Table 2. The top 10 miRNAs ranked by MED analysis 

were hsa-miR-19b, hsa-let-7f, hsa-miR-323, hsa-miR-

1978, hsa-miR-128, hsa-miR-1237, hsa-miR-486, hsa-

miR-98, hsa-miR-933, and hsa-miR-889, and these 

miRNAs were then analyzed further. Among the 

miRNAs in the signature identified by OV-SURV, these 

10 miRNAs were significantly associated with survival 

time. We then assessed the involvement of these 

miRNAs and their corresponding genes in cancer and 

various biological pathways. 

 

Validating the prognostic potential of top 10 ranked 

miRNAs 

 

We validated the prognostic power of the top 10 ranked 

miRNAs using Kaplan-Meier (KM) survival curves. The 
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TCGA dataset contains 486 tumor samples were 

considered for this analysis. Survival analysis was 

performed using Kaplan-Meir plotter [39]. Five of the 

top 10 ranked miRNAs, hsa-let-7f, hsa-miR-1237, hsa-

miR-98, hsa-miR-933, and hsa-miR-889, were 

significantly associated with survival in patients with 

ovarian cancer. The survival groups were distributed 

using the log-rank test, a p-value<0.05 was considered 

the cut-off to describe the statistical significance in the 

survival analysis. These five miRNAs, hsa-let-7f, hsa-

miR-1237, hsa-miR-98, hsa-miR-933, and hsa-miR-889, 

have p-values of 0.01, 0.00033, 0.007, 4.9e-0.5, and 

0.011, respectively; and hazard ratios of 0.73, 0.61, 0.73, 

1.62, and 1.4, respectively. 

 

Pathway analysis of the identified miRNA signature 

 

The biological relevance of the selected miRNAs was 

analyzed using the DIANA tool. The pathway analysis 

helps to determine whether these miRNAs were 

statistically significant in Kyoto Encyclopaedia of Genes 

and Genomes (KEGG) pathways, including signalling 

pathways, cell processes and cancer pathways. The 

analysis revealed that the top 10 selected miRNAs were 

 

 
 

Figure 1. System flowchart of the current study describing the discovery of miRNA signature for predicting survival time in 
ovarian cancer. 
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Table 1. Prediction of the performance of OV-SURV. 

Method 
Identified  

miRNAs 

10-CV correlation 

 coefficient 

Mean absolute  

error (years) 

LASSO 18 0.48 1.00 

Elastic net 32 0.55 1.00 

Multiple linear 

regression 
18 0.66 0.84 

OV-SURV 39 0.76 0.69 

OV-SURV-mean 34.63 0.77±0.01 0.69±0.02 

 

involved in several KEGG pathways, the most 

significant pathways including the transforming growth 

factor-β signalling pathway (hsa04350; p=3.29e-06), 

proteoglycans in cancer (hsa05205; p=7.93e-05), 

sphingolipid metabolism (hsa00600; p=0.0001), hippo 

signalling pathway (hsa04390; p=0.0005), and adherens 

junction (hsa04520; p=0.009). The details of the  

KEGG pathway analysis for the top 10 ranked miRNAs  

and their number of target genes are shown in 

Supplementary Table 1. 

 

Additionally, the KEGG analysis of all 39 miRNAs in 

the signature revealed that few miRNAs were highly 

enriched in fatty acid biosynthesis, fatty acid metabolism, 

ECM/receptor interactions, and the hippo signalling 

pathway. The most highly significant pathway found in 

the KEGG pathway analysis was fatty acid biosynthesis 

(p<1E-325). There were four miRNAs (hsa-miR-182, 

hsa-miR-34a, hsa-miR-342, and hsa-miR-1304) that were 

highly enriched in fatty acid biosynthesis (hsa00061) and 

targeted genes such as FASN, ACSL4, and ACACA. 

Additionally, five miRNAs, namely, hsa-let-7f, hsa-miR-

34a, hsa-miR-342, hsa-miR-1304, and hsa-miR-24, 

targeted the genes FASN, PTPLB, SCD, ACSL4, ECHS1, 

and TECR, which were all involved in fatty acid 

metabolism (p=1.02E-14). Fatty acid synthase (FAS) is 

an enzyme responsible for the synthesis of fatty acids and 

has been identified in most human carcinomas. FAS

 

 
 

Figure 2. Prediction of the performance of OV-SURV. (A) OV-SURV achieved a correlation coefficient of 0.76. (B) LASSO yielded a 

correlation coefficient of 0.48. Real survival time in months is shown on the X-axis, and estimated survival time in months is shown on the Y-
axis. (C) Elastic net obtained a correlation coefficient of 0.55. (D) Multiple linear regression obtained a correlation coefficient of 0.66. Real 
survival time in months is shown on the X-axis, and estimated survival time in months is shown on the Y-axis. 
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Table 2. Main effect difference (MED) scores 
of miRNA signatures. 

Rank MiRNA MED 

1 hsa-miR-19b 0.986621 

2 hsa-let-7f 0.978907 

3 hsa-miR-323 0.952427 

4 hsa-miR-1978 0.867624 

5 hsa-miR-128 0.821022 

6 hsa-miR-1237 0.812224 

7 hsa-miR-486 0.706714 

8 hsa-miR-98 0.607252 

9 hsa-miR-933 0.585211 

10 hsa-miR-889 0.574037 

11 hsa-miR-301b 0.568445 

12 hsa-miR-514 0.561426 

13 hsa-miR-935 0.530403 

14 hsa-miR-653 0.494192 

15 hsa-miR-1251 0.49296 

16 hsa-miR-616 0.469875 

17 hsa-miR-662 0.455425 

18 hsa-miR-182 0.455374 

19 hsa-miR-1245 0.435942 

20 hsa-miR-200c 0.432309 

21 hsa-miR-34a 0.36374 

22 hsa-miR-187 0.353238 

23 hsa-miR-190 0.343974 

24 hsa-miR-342 0.329363 

25 hsa-miR-513a 0.314319 

26 hsa-miR-146b 0.306926 

27 hsa-miR-1197 0.277773 

28 hsa-miR-577 0.265914 

29 hsa-miR-185 0.232879 

30 hsa-miR-212 0.179705 

31 hsa-miR-874 0.127656 

32 hsa-miR-1304 0.122577 

33 hsa-miR-106b 0.093269 

34 hsa-miR-31 0.080119 

35 hsa-miR-320d 0.04015 

36 hsa-miR-1295 0.037462 

37 hsa-miR-664 0.032954 

38 hsa-let-7b 0.013824 

39 hsa-miR-24 0.000766 

 

protein expression is associated with poor prognosis in 

both prostate and breast cancers [40, 41]. An in vivo 

microarray study revealed that there was a significant 

relationship between phosphorylated AKT and the 

expression of FAS; inhibition of FAS activity resulted in 

down regulation of phosphorylated AKT, which initiates 

apoptosis in ovarian cancer cells [42]. Inhibition of FAS 

and activation of AMP-activated protein kinase is 

selectively cytotoxic to SKOV3 human ovarian cancer 

cells [43]. Additionally, inhibition of FAS is significantly 

associated with survival in xenograft models [44]. This 

analysis suggested that the selected miRNAs were 



 

www.aging-us.com 12666 AGING 

relevant to cancer and related biological signalling 

pathways. The heatmap showing KEGG pathway 

enrichment analysis of the miRNA signature is shown in 

Figure 3A. 

Thus, this analysis indicated that fatty acid synthesis in 

ovarian cancer cells played an essential role in ovarian 

cancer progression. The identified miRNAs involved in 

fatty acid synthesis and fatty acid metabolism may 

 

 
 

Figure 3. Biological significance of the miRNA signature. (A) miRNAs highly enriched in fatty acid metabolism, fatty acid biosynthesis, 

ECR receptor, and lysine degradation and (B) The miRNAs were found to be involved in different cellular, molecular, and biological pathways. 
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possess important roles in ovarian cancer survival.  

The results of the KEGG pathway analysis for the 

miRNA signature and its target genes (various 

pathways, numbers of miRNAs involved, and the 

corresponding p-values) are shown in Supplementary 

Table 2. Fatty acid biosynthesis and fatty acid 

metabolism flow diagrams are shown in Supplementary 

Figures 2, 3. 

 

Functional annotations of the miRNA signature 

 

Functional annotations of the identified miRNA 

signature were analyzed using GO enrichment analysis. 

GO annotation analysis revealed that the top 10 ranked 

miRNAs were involved in several biological processes 

(BPs), cellular component (CCs), and molecular functions 

(MFs). The top 10 ranked miRNAs were involved in 

several BPs, such as gene expression (GO:0010467; 

p<1e-325), biosynthetic process (GO:0009058; p<1e-

325), cellular nitrogen compound metabolic process 

(GO:0044403; p<1e-325), symbiosis, encompassing 

mutualism through parasitism (GO:0044403; p=2.78e-

14), and viral process (GO:0016032; p=3.14e-13) by 

targeting 82, 360, 419, 68, and 62 genes, respectively, to 

name a few.  

 

The top 10 ranked miRNAs were involved in various 

CCs, includes organelle (GO:0043226; p<1e-325), 

cytosol (GO:0005829; p=4.46e-13), protein complex 

(GO:0043234; p=2.55e-11), nucleoplasm (GO:0005654; 

p=9.93e-11), and microtubule organizing center 

(GO:0005815; p=0.004). The top 10 ranked miRNs 

involved in MFs, such as ion binding (GO:0043167; 

p<1e-325), RNA binding (GO:0003723; p=2.22e-15), 

enzyme binding (GO:0019899; p=2.09e-08), poly(A) 

RNA binding (GO:0044822; p=1.16e-07), protein 

binding transcription factor activity (GO:0000988; 

p=4.34e-05), and nucleic acid binding transcription 

factor activity (GO:0001071;p=0.006). In GO 

annotation analysis, among the BPs most genes 

involved in cellular nitrogen compound metabolic 

process (419 genes), in CCs most genes involved in 

organelle (834 genes), and in MFs, most genes are 

involved in ion binding (447 genes). The details of top 

10 ranked miRNAs involvement in GO annotations is 

listed in Supplementary Table 3. 

 

Go enrichment analysis revealed that miRNA signature 

is highly enriched in gene expression, catabolic process, 

RNA binding, cytosol, cellular nitrogen compound 

metabolic process, viral process cellular protein 

modification process, organelles, and enzyme binding. 

GO analysis of the miRNA signature is shown in  
Figure 3B. The results of the GO analysis for the 

miRNA signature and its target genes are shown in 

Supplementary Table 4. 

Expression difference of the top ranked miRNAs 

across stages 

 

Further, we wished to enquire about the relative 

expression levels of the top ranked miRNAs across 

different stages of ovarian cancer. We employed relative 

miRNA expression analysis across stages of ovarian 

cancer using UALCAN web portal [45]. The expression 

analysis results provide the significant expression 

difference of top 10 ranked miRNAs across different 

stages of patients with ovarian cancer. Of the top 10 

ranked miRNAs, except the miRNA, hsa-miR-1978, 

remaining miRNAs are significantly expressed across 

stage 2, 3, and 4 of patients with ovarian cancer. 

Statistical significance of the relative miRNA expression 

across stages of ovarian cancer patients is provided in 

Supplementary Table 5. Box-whisker plot representation 

of relative expression difference across stages of ovarian 

cancer patients is given for the top ranked miRNAs in 

Supplementary Figure 4. 

 

Roles of the top ranked miRNAs in ovarian cancer 

 

The roles of the top 10 ranked miRNAs in ovarian cancer 

were analyzed using experimentally validated literature.  

 

hsa-miR-19b: A quantitative real-time PCR study 

involving ovarian cancer cells showed that hsa-miR-

19b was significantly expressed between cancer and 

control group with a p-value of 0.035 [46]. Over 

expression of hsa-miR-19b facilitated the invasion and 

migration of ovarian cancer cells (CAOV-3) and 

serves as an oncogenic role in ovarian cancer 

progression [47]. 

 
hsa-let-7f: Zheng et al. identified lower expression 

levels of hsa-let-7f in ovarian cancer samples  

when compared to controls, further lower levels of 

hsa-let-7f associated with poor prognosis of patients 

with ovarian cancer [48]. Elevated expression level  

of let-7f was found in primary ovarian carcinomas  

and suggesting a role of this miRNA in tumor 

progression [49]. 

 

hsa-miR-323: In silico miRNA expression analysis in 

ovarian cancer reported that dysregulation of hsa-miR-

323 in ovarian cancer cells [50]. Differential expression 

of miR-323 was observed in epithelial ovarian cancer 

cells and miR-323 was significantly down-regulated in 

epithelial ovarian cancer cell lines compared to ovarian 

surface epithelium cells [14]. 

 

hsa-miR-128: hsa-miR-128 downregulates the colony 
stimulating factor-1, a key regulator of ovarian cancer, 

resulted into reduction of cell motility and adhesion in 

ovarian cancer cells [51]. 
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hsa-miR-486: hsa-miR-486 downregulated the estrogen 

receptor alpha (ERα)-mediated olfactomedin 4, which 

contributes to ovarian cancer progression in cancer cells 

[52]. 

 

hsa-miR-98: A qRT-PCR study epithelial ovarian 

cancer revealed that hsa-miR-98 regulates the cisplatin 

resistance of epithelial ovarian cancer cells and was 

associated with poor outcome of patients with ovarian 

cancer [53]. 

 

A summary of the top 10 ranked miRNAs and their roles 

in ovarian cancer are shown in Table 3. In summary, six 

miRNAs, namely, hsa-miR-19b, hsa-let-7f, hsa-miR-323, 

hsa-miR-128, hsa-miR-486, and hsa-miR-98, had 

experimentally validated support to confirm their 

associations in ovarian cancer. The remaining four 

miRNAs, such as hsa-miR-1978, hsa-miR-1237, hsa-

miR-933, and hsa-miR-889, were not previously reported 

to have roles in ovarian cancer. However, they were 

actively involved in other types of cancer, such as kidney 

cancer [54], breast cancer [55], gastric cancer [56], and 

squamous cell carcinoma [57]. Additionally, we verified 

the importance of these four miRNAs, hsa-miR-1978, 

hsa-miR-1237, hsa-miR-933, and hsa-miR-889 in 

ovarian cancer by performing overall survival analysis 

using Kaplan-Meir survival curves. The miRNAs, hsa-

miR-1978, hsa-miR-1237, hsa-miR-933, and hsa-miR-

889 obtained p-values of 0.22, 0.01, <0.001, and <001, 

respectively. The three miRNAs, hsa-miR-1237, hsa-

miR-933, and hsa-miR-889 were significantly associated 

with the overall survival in patients with ovarian cancer. 

The KM survival plots for hsa-miR-889, hsa-miR-1237, 

and hsa-miR-933 are shown in Supplementary Figure 5. 

 

Furthermore, we validated the involvement of top 10 

ranked miRNAs in various cancers including ovarian 

cancer using experimentally validated studies. All of the 

top 10 ranked miRNAs were involved in major types of 

cancers, in which 6 miRNAs, hsa-miR-19b, hsa-let-7f, 

hsa-miR-323, hsa-miR-128, hsa-miR-486, and hsa-miR-

98 were involved in ovarian cancer progression. The top 

10 ranked miRNAs and experimentally validated 

evidences across various cancers is listed in 

Supplementary Table 6. 

 

Differential expression of miRNA signature in 

ovarian cancer  

 

Furthermore, to examine the involvement of the miRNA 

signature and the expression levels of the miRNAs of 

the signature in ovarian cancer, we predicted the 

association of the miRNA signature with ovarian cancer 
using dbDEMC 2.0 and HMDD v3.0. The prediction 

results showed that 29 miRNAs were differentially 

expressed in ovarian cancer. The expression levels of 

the remaining 10 miRNAs had not been previously 

reported in ovarian cancer, although these miRNAs 

were known to be actively involved in other major 

cancer types. These results suggested that these 10 

miRNAs, including hsa-miR-323, hsa-miR-1978, hsa-

miR-933, hsa-miR-616, hsa-miR-1245, hsa-miR-19b-2, 

hsa-miR-342, hsa-miR-513a, hsa-miR-577, and hsa-

miR-1295, should be further evaluated to determine 

their roles in ovarian cancer survival. The prediction list 

of the identified miRNA signature associated with 

ovarian cancer is shown in Supplementary Table 7. 
 

Additionally, we predicted the miRNA gene target 

network for the top ranked miRNAs using Cytoscape 

version 3.6. There are total 5009 predicted gene  

targets, in which 3893 interactions are predicted using 

MicroCosm version 5, and 116 interactions are predicted 

using TargetScan version 6.2. The miRNA-gene target 

interaction network is visualized in Supplementary 

Figure 6, for better visualization, only gene targets 

predicted by TargetScan are shown. 

 

CONCLUSIONS 
 

Considering experimental limitations and rapidly 

growing biological datasets, machine learning models 

are becoming necessary for the identification of cancer-

related miRNAs, e.g., in cancer diagnosis. MiRNA 

profiling is now extensively used in cancer research and 

cancer treatment. Recently, various miRNAs have been 

shown to play important roles in ovarian cancer invasion 

and metastasis. Some miRNAs were significantly 

expressed in cancer tissues when compared to the 

normal tissues. For instance, miR-199a, and miR-200 

were significantly expressed in ovarian cancer tissues 

when compared to the normal tissues [58]. There are 

some miRNAs which have been identified as prognostic 

biomarkers in ovarian cancer. For example, miR-1183, 

miR-126, miR-802, and miR-139 showed significant 

association with prognosis [59]. Bagnoli et al. identified 

miRNAs to predict early relapse/progression of ovarian 

cancer patients [16]. However, there are few studies 

using machine learning with optimization techniques to 

estimate the survival time of patients with ovarian 

cancer. Hence, in this work, we proposed a survival 

estimation method, called OV-SURV, that identified an 

miRNA signature associated with survival in patients 

with ovarian cancer. Machine learning methods for 

analysis of cancer survival are often faced the problem 

of overfitting. Accordingly, we addressed this issue in 

our OV-SURV model, which contained an optimal 

feature selection algorithm. OV-SURV yielded 

promising results and selected an informative miRNA 
signature that was associated with survival in patients 

with ovarian cancer. MED ranking revealed the 10 

miRNAs that were the most significant with respect to 
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Table 3. Summary of top 10 ranked miRNAs involved in ovarian cancer. 

Rank miRNA Cancer Regulation Source 

1 hsa-miR-19b ovarian cancer up [66] 

2 hsa-let-7f ovarian cancer down [49] 

3 hsa-miR-323 ovarian cancer down [14] 

4 hsa-miR-1978 - - - 

5 hsa-miR-128 ovarian cancer down [51] 

6 hsa-miR-1237 - - - 

7 hsa-miR-486 ovarian cancer down [52] 

8 hsa-miR-98 ovarian cancer down [53] 

9 hsa-miR-933 - - - 

10 hsa-miR-889 - - - 

 

cancer survival. Validation of top ranked miRNAs using 

KM survival analysis revealed the prognostic power of 

the miRNAs, of top 10 ranked miRNAs, five miRNAs 

were significantly associated with survival in patients 

with ovarian cancer. Moreover, among the identified 

miRNA signature, the finding of the four miRNAs hsa-

miR-486, hsa-miR-514, hsa-miR-200c, and hsa-miR-

513a was consistent to those in the study [16] for the 

association with the prognosis in patients with ovarian 

cancer. The identified miRNAs have prognostic value in 

ovarian cancer. 

 

The biological significance of these miRNAs was 

analyzed by KEGG pathway and GO annotations, which 

indicated that the selected miRNAs were significantly 

involved in the regulation of fatty acid biosynthesis, fatty 

acid metabolism, and several other relevant signalling 

and cancer pathways. Identified miRNAs are 

significantly expressed across different stages of ovarian 

cancer. These expression differences of miRNAs might 

also affect the survival in patients with ovarian cancer. 

Further, the importance of top ranked miRNAs in 

ovarian cancer is discussed. Six of the top 10 ranked 

miRNAs role in ovarian cancer was verified by 

experimental validated literature. This analysis revealed 

that remaining four miRNAs of the top 10 ranked 

miRNAs, such as hsa-miR-1978, hsa-miR-1237, hsa-

miR-933, and hsa-miR-889, were not previously 

reported to have roles in ovarian cancer. However, their 

contribution to the survival estimation revealed that 

these are the important subjects to explore further in 

ovarian cancer. Differential expression analysis of 

miRNA signature shown 29 of 39 miRNAs of the 

signature were significantly expressed in ovarian cancer 

cells. The miRNA-target network was constructed to 

visualize the target interactions of the top ranked 

miRNAs, derived from interaction databases. 

 

The above findings showed the ability of the OV-

SURV method to identify miRNA signatures that could 

predict survival in patients with ovarian cancer. 

Although the prediction performance of OV-SURV is 

promising, this method may be further improved by 

increasing the data size. Nonetheless, our model 

performed well compared with other machine learning 

methods in terms of 10-CV. The identified miRNAs 

were proven here to be relevant to ovarian cancer and 

other cancers. Because of increasing cancer-related 

mortality, computational predictive methods are 

necessary for the rapid identification of potential 

biomarkers. We believe that the miRNAs identified 

here will help to develop new prognostic or diagnostic 

biomarkers for ovarian cancer. 

 

MATERIALS AND METHODS 
 

Dataset 

 

We obtained miRNA expression data from patients 

with ovarian cancer using the TCGA database. The 

number of patients with ovarian cancer in the TCGA 

database was 586. We downloaded level-3 miRNA 

expression data from the TCGA portal, and the 

miRNA profiling was performed using the Illumina 

HiSeq 2000 miRNA sequencing platform. We filtered 

the dataset using the following criteria: (i) only 

patients with clinical data and survival information 

were included; (ii) to statistically remove the bias, the 

patients with a survival period of less than 30 days 

were excluded; and (iii) all patient lists and the 

corresponding survival periods were merged into a 

single data file to eliminate duplicate entries. After this 

filtering process, we identified 209 patients with the 

expression profiles of 415 miRNAs along with 

corresponding clinical data and days to death. 

Additionally, we used the dataset consisting of  

160 living patients who suffer from ovarian cancer 

with follow-up time for the validation. Clinical 

information of the independent test cohort is listed in 

Supplementary Table 8. 
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OV-SURV 

 

The proposed method OV-SURV was designed to 

estimate the survival time of patients with ovarian cancer 

by identifying a miRNA signature and then to discover 

their potential roles of miRNA biomarkers in ovarian 

cancer. SVM is effective for solving classification and 

regression problems [60] and can interpret the property 

values of a large number of samples in a 

multidimensional space. Owing to its effective regression 

abilities, SVR has been used to solve many biological 

prediction problems. The optimisation problem of ν-SVR 

for finding a model w can be defined as follows: 
 

*

1

1 1
min [{   ( ( ) ) ( ( ))}]

2

mT

i i ii
w x b C

m
  

=
 + + + +  (1) 

 

Here, 0 ≤ ν ≤ 1, ξi ≥ 0, * 0i  , (x1, y1)…(xm, ym)  Rd 

×R are training data, yi is the target values, xi is the 

feature vector. We used d is the number of features in 

each instance and m is the number of training instance 

where d=415 and m=209 in this study. Let C>0 be the 

regularisation parameter, ε≥0 be an error sensitivity 

parameter, and b is a constant. The parameters C and ε 

are used to avoid overfitting the training data. The 

parameters C, ε, a Gaussian kernel γ and the feature 

selection are simultaneously optimized by OV-SURV 

while maximizing the estimation accuracy.  

 

IBCGA 

 

The feature selection algorithm IBCGA uses an 

intelligent evolutionary algorithm (IEA) [34], which can 

efficiently solve large parameter optimisation problems, 

and is good at deriving an optimised SVR model with 

feature selection. IBCGA can automatically select a small 

set of informative features from a large number of 

candidate features. OV-SURV identifies a signature of 

informative miRNAs associated with ovarian cancer 

survival based on the cooperation of IBCGA and ν-SVR 

using the objective function of maximising the 

correlation coefficient (CC) in terms of 10-CV. 
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where xi and zi are real and predicted survival time of 

the i-th miRNA, x  and z  are the corresponding means, 

and N is the total number of instances. Mean absolute 

error (MAE) is also used for estimating the prediction 

performance. The MAE is defined as follows 
 

  
2

1

1
 

N

i

MAE x z
N =

= −   (3) 

In this work, the LibSVM package [61] was used for 

implementation of ν-SVR. 

 

The chromosome of IEA comprises 415 binary genes 

representing miRNAs for feature selection and three 4-

bit genes for encoding parameters γ, C, and ν of ν-SVR. 

The chromosome encoding was designed as described in 

previous studies [17, 34]. The IBCGA can 

simultaneously obtain a set of solutions, Xr, where r = 

rend, rend + 1,… , rstart in a single run. The feature selection 

algorithm IBCGA used can be described as follows: 

 

Step 1: (Initialisation) Randomly generate an initial 

population of Npop individuals. In this work, 

Npop=50, rstart = 50, rend = 10, r = rstart.  

 

Step 2: (Evaluation) Evaluate the fitness value of all 

individuals using the fitness function (CC) of 

10-CV. 

 

Step 3: (Selection) Use a conventional method of 

tournament selection that selects a winner from 

two randomly selected individuals to generate a 

mating pool.  

 

Step 4: (Crossover) Select two parents from the mating 

pool to perform an orthogonal array crossover 

operation of IEA. 

 

Step 5: (Mutation) Apply a conventional bit mutation 

operator to parameter genes and a swap 

mutation to the binary genes for keeping r 

selected features. The best individual was not 

mutated for the elite strategy. 

 

Step 6: (Termination test) If the stopping condition for 

obtaining the solution Xr is satisfied, output the 

best individual as the solution Xr. Otherwise, go 

to Step 2. 

 

Step 7: (Inheritance) If r > rend, randomly change one bit 

in the binary genes for each individual from 1 to 

0; decrease the number r by one and go to Step 

2. Otherwise, stop the algorithm. 

 

Step 8: (Output) Obtain a set of m miRNAs from the 

chromosome of the best solution Xm among the 

solutions Xr, where r = rend, rend + 1,… , rstart. 

 

Multiple linear regression analysis 

 

We employed multiple regression to estimate the survival 

time in patients with ovarian cancer [36]. A general 
multiple linear regression can be defined as 

 

 0 1 1 2 2i n ny x x x    = + + + + +  (4) 



 

www.aging-us.com 12671 AGING 

KEGG pathway and GO term analysis 

 

We used the DIANA-mirPath version 3 web-based 

server to analyze the miRNA profiles [62]. The 

DIANA-micro-T-CDS algorithm provided the predicted 

miRNA targets for the pathway analysis. The p-value 

threshold was set to 0.05 and Fishers’s exact test 

(hypergeometric distribution) was used for the 

enrichment analysis. We utilised the Network of Cancer 

Genes (NCG) [63], miRTarBase [64], and GeneCards 

[65] databases to obtain the cancer-related genes and 

predict gene targets. 

 

Availability of data and materials 

 

All the data used in this analysis can be found at TCGA 

data portal [https://cancergenome.nih.gov/]. 
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SUPPLEMENTARY MATERIALS 
 

Supplementary Figures 
 

 

 
 

Supplementary Figure 1. The validation of OV-SURV on an independent cohort of 160 living patients with ovarian cancer. 
Predicted survival time is longer than the follow-up time for the first 123 patients (1–123). 
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Supplementary Figure 2. Fatty acid biosynthesis flow diagram. Obtained from the KEGG pathway database. 
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Supplementary Figure 3. Fatty acid metabolism flow diagram. Obtained from the KEGG pathway database. 
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Supplementary Figure 4. Box plot showing relative expression of top ranked miRNAs across stages of patients with ovarian 
cancer. 
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Supplementary Figure 5. Kaplan–Meier plots of hsa-miR-889, hsa-miR-933, and hsa-miR-1237 for the high-expression and 
low-expression groups of the ovarian cancer cohort. 
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Supplementary Figure 6. miRNA-gene target network. miRNAs are shown in red colored circles; edges represent target genes in green 

colored hexagons. There are 1116 predicted interactions in the network using TargetScan. 
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Supplementary Tables 
 

Supplementary Table 1. Top 10 ranked miRNAs involved in KEGG pathways. 

KEGG pathway No. of genes no. of miRNAs p-value 

TGF-beta signaling pathway 16 5 3.289E-06 

Proteoglycans in cancer 26 4 7.935E-05 

Sphingolipid metabolism 10 3 0.0001055 

Hippo signaling pathway 24 4 0.0005239 

Adherens junction 13 5 0.0094746 

Signaling pathways regulating pluripotency of stem cells 21 5 0.0106464 

Lysine degradation 7 3 0.0191976 

Cell cycle 18 5 0.0261571 

Endocytosis 24 5 0.0261571 

Regulation of actin cytoskeleton 26 5 0.0261571 

ECM-receptor interaction 11 5 0.0315672 

Glioma 11 4 0.0419673 

FoxO signaling pathway 20 4 0.0498515 

 

Supplementary Table 2. KEGG pathway analysis of the miRNA signature. 

KEGG pathway Genes miRNAs p-value 

TGF-beta signaling pathway 57 26 2.553E-11 

Axon guidance 76 26 5.697E-07 

Hippo signaling pathway 87 27 8.597E-07 

Renal cell carcinoma 46 26 1.388E-06 

Signaling pathways regulating pluripotency of stem cells 87 30 2.115E-06 

Adherens junction 46 20 4.679E-06 

Proteoglycans in cancer 108 31 5.515E-06 

Fatty acid metabolism 22 18 1.541E-05 

Prion diseases 14 17 2.916E-05 

Arrhythmogenic right ventricular cardiomyopathy (ARVC) 43 24 6.834E-05 

Thyroid hormone signaling pathway 66 27 0.0004487 

Pathways in cancer 212 35 0.0004487 

Rap1 signaling pathway 113 30 0.0007618 

Estrogen signaling pathway 54 26 0.0013402 

Fatty acid biosynthesis 5 8 0.0017506 

Lysine degradation 27 27 0.0019085 

Glutamatergic synapse 62 31 0.0031419 

Bacterial invasion of epithelial cells 45 28 0.0034732 

FoxO signaling pathway 74 32 0.0053876 

Circadian rhythm 23 27 0.0058225 

Transcriptional misregulation in cancer 93 32 0.0058225 

Focal adhesion 110 32 0.0073101 

Dorso-ventral axis formation 20 18 0.0075923 

Mucin type O-Glycan biosynthesis 16 15 0.0090565 

Endocytosis 110 30 0.0093516 
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Oxytocin signaling pathway 83 31 0.0125495 

Prostate cancer 51 31 0.0144126 

Fatty acid degradation 20 15 0.0146739 

Wnt signaling pathway 72 30 0.0146739 

Platelet activation 71 30 0.0148846 

Shigellosis 38 20 0.0162063 

mRNA surveillance pathway 50 23 0.0162063 

Thyroid hormone synthesis 36 26 0.0162063 

Cell cycle 64 27 0.0162063 

Neurotrophin signaling pathway 65 31 0.0162063 

cGMP-PKG signaling pathway 86 34 0.0162063 

Morphine addiction 44 26 0.0188883 

Ubiquitin mediated proteolysis 70 28 0.0253401 

Adrenergic signaling in cardiomyocytes 74 30 0.026999 

Chronic myeloid leukemia 41 25 0.0277362 

Regulation of actin cytoskeleton 108 31 0.0277362 

Vasopressin-regulated water reabsorption 26 24 0.028921 

T cell receptor signaling pathway 56 24 0.0352566 

Glioma 35 28 0.0352566 

Phosphatidylinositol signaling system 43 29 0.0352566 

Protein processing in endoplasmic reticulum 83 32 0.0354841 

Prolactin signaling pathway 39 24 0.0360174 

GABAergic synapse 42 27 0.0360174 

PI3K-Akt signaling pathway 167 35 0.0360174 

RNA transport 85 31 0.0375067 

Pancreatic cancer 37 27 0.041276 

Melanoma 40 29 0.0430789 

cAMP signaling pathway 100 34 0.0455181 

Choline metabolism in cancer 55 28 0.0488212 
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Supplementary Table 3. GO analysis of top 10 ranked miRNAs involved in biological process, cellular components 
and molecular functions (p<0.05). 

 GO category miRNAs Genes p-value 

Biological process 

gene expression 3 82 1e-325 

biosynthetic process 4 360 1e-325 

cellular nitrogen compound metabolic process 4 419 1e-325 

symbiosis, encompassing mutualism through parasitism 3 68 2.787E-14 

viral process 3 62 3.15E-13 

cellular protein modification process 4 209 8.606E-13 

transcription, DNA-templated 2 170 3.92E-06 

catabolic process 2 131 1.38E-05 

response to stress 2 129 0.0002111 

nucleobase-containing compound catabolic process 2 71 0.0003728 

membrane organization 3 55 0.0005988 

small molecule metabolic process 2 138 0.0008035 

mitotic cell cycle 1 27 0.0017244 

cell death 2 62 0.0026435 

Fc-epsilon receptor signaling pathway 3 23 0.0033008 

neurotrophin TRK receptor signaling pathway 4 32 0.0034551 

mRNA metabolic process 2 23 0.0045806 

cellular component assembly 1 64 0.0061575 

DNA metabolic process 1 47 0.0103647 

macromolecular complex assembly 1 47 0.0109222 

viral life cycle 2 16 0.0129594 

RNA metabolic process 2 24 0.023756 

cellular protein metabolic process 2 31 0.0397643 

Cellular components 

organelle 5 834 <1e-325 

cytosol 4 248 4.462E-13 

protein complex 4 308 2.554E-11 

nucleoplasm 3 118 9.938E-11 

microtubule organizing center 1 36 0.004196 

Molecular functions 

ion binding 4 447 <1e-325 

RNA binding 4 192 2.22E-15 

enzyme binding 3 109 2.094E-08 

poly(A) RNA binding 2 124 1.168E-07 

protein binding transcription factor activity 2 46 4.346E-05 

nucleic acid binding transcription factor activity 2 63 0.0060971 
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Supplementary Table 4. GO analysis of the miRNA signature. 

GO category Genes miRNAs p-value 

mRNA metabolic process 92 6 1.34E-19 

cellular protein metabolic process 149 7 3.2E-19 

nucleic acid binding transcription factor activity 264 8 3.65E-19 

nucleobase-containing compound catabolic process 279 8 4.5E-19 

Fc-epsilon receptor signaling pathway 69 8 7.6E-19 

cell death 277 9 9.65E-19 

neurotrophin TRK receptor signaling pathway 106 9 9.9E-19 

membrane organization 209 9 1.201E-18 

protein binding transcription factor activity 213 10 2.145E-18 

response to stress 609 10 3.456E-18 

macromolecular complex assembly 282 10 4.53E-18 

mitotic cell cycle 188 11 5.63E-18 

catabolic process 607 11 7.6E-18 

cellular component assembly 399 11 9.34E-18 

small molecule metabolic process 640 11 9.37E-18 

enzyme binding 477 13 1.276E-17 

symbiosis, encompassing mutualism through parasitism 264 13 2.1E-17 

nucleoplasm 504 14 2.18E-17 

viral process 234 14 4.89E-17 

poly(A) RNA binding 522 14 4.89E-17 

biosynthetic process 1311 16 5.437E-17 

cytosol 939 17 5.647E-17 

cellular protein modification process 816 17 6.54E-17 

ion binding 1717 17 6.71E-17 

protein complex 1226 17 8.6E-17 

RNA binding 678 18 9.82E-17 

gene expression 332 19 7.5E-16 

cellular nitrogen compound metabolic process 1647 21 9.6E-16 

organelle 3270 23 1.8E-15 

RNA metabolic process 90 5 1.89E-15 

transcription, DNA-templated 555 6 2.29E-14 

protein complex assembly 189 4 5.08E-12 

DNA metabolic process 196 5 1.25E-11 

blood coagulation 118 6 1.31E-09 

cytoskeletal protein binding 178 5 2.25E-09 

G2/M transition of mitotic cell cycle 53 4 4.28E-08 

epidermal growth factor receptor signaling pathway 55 3 6.24E-07 

transcription initiation from RNA polymerase II promoter 78 5 9.1E-07 

RNA splicing 87 5 1.09E-06 

mRNA processing 121 4 4.43E-06 

microtubule organizing center 107 3 5.08E-06 

enzyme regulator activity 154 3 0.0000402 

Fc-gamma receptor signaling pathway involved in phagocytosis 24 3 0.0001053 
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positive regulation of protein insertion into mitochondrial membrane involved 

in apoptotic signaling pathway 17 5 0.0001221 

immune system process 214 2 0.0001239 

fibroblast growth factor receptor signaling pathway 46 2 0.0001266 

cell cycle 163 2 0.0002052 

chromatin organization 42 3 0.0017787 

intrinsic apoptotic signaling pathway 28 4 0.001842 

G1/S transition of mitotic cell cycle 53 3 0.002041 

transcription factor binding 123 3 0.0030848 

nuclear-transcribed mRNA catabolic process, deadenylation-dependent decay 25 2 0.0036671 

mRNA splicing, via spliceosome 38 3 0.0059903 

vesicle-mediated transport 159 2 0.0073256 

innate immune response 128 4 0.0073332 

viral life cycle 31 3 0.0161939 

cellular lipid metabolic process 41 3 0.022398 

positive regulation of transcription, DNA-templated 131 1 0.0319244 

cellular component disassembly involved in execution phase of apoptosis 16 2 0.0431022 

 

Supplementary Table 5. Expression difference of top ranked miRNAs 
across stages of patients with ovarian cancers. 

miRNA Comparison p-value 

hsa-miR-19b-1 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 1.635040E-01 

Stage 2 vs Stage 4 1.423760E-01 

Stage 3 vs Stage 4 6.580000E-01 

hsa-let-7f-1 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 8.590100E-02 

Stage 2 vs Stage 4 2.215400E-01 

Stage 3 vs Stage 4 7.597800E-01 

hsa-miR-128 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 6.593800E-01 

Stage 2 vs Stage 4 1.600640E-01 

Stage 3 vs Stage 4 9.919900E-02 

hsa-miR-1978 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 N/A 

Stage 2 vs Stage 4 N/A 

Stage 3 vs Stage 4 N/A 

hsa-miR-323a 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 6.543400E-01 

Stage 2 vs Stage 4 4.080600E-01 

Stage 3 vs Stage 4 1.367940E-02 

hsa-miR-1237 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 4.797800E-01 

Stage 2 vs Stage 4 4.962600E-01 

Stage 3 vs Stage 4 9.581400E-01 

hsa-miR-486 
Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 4.861000E-01 
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Stage 2 vs Stage 4 2.439200E-01 

Stage 3 vs Stage 4 4.852600E-01 

hsa-miR-98 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 2.358600E-01 

Stage 2 vs Stage 4 4.671800E-01 

Stage 3 vs Stage 4 3.117600E-01 

hsa-miR-933 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 5.775000E-01 

Stage 2 vs Stage 4 7.479000E-01 

Stage 3 vs Stage 4 N/A 

hsa-miR-889 

Stage 1 vs Stage 2,3&4 N/A 

Stage 2 vs Stage 3 4.949600E-01 

Stage 2 vs Stage 4 2.817400E-01 

Stage 3 vs Stage 4 6.191800E-02 

 

Supplementary Table 6. Top 10 ranked miRNAs and experimentally validated evidences 
across various cancer types. 

Rank miRNA Cancer type Source 

1 hsa-miR-19b 

ovarian cancer 

[1–3] breast cancer 

lung cancer 

2 hsa-let-7f 

ovarian cancer 

[4–6] glioma 

Breast cancer 

3 hsa-miR-323 

ovarian cancer 

[7–9] prostate cancer 

glioblastoma 

4 hsa-miR-1978 

endometriosis 

[10, 11] Breast cancer 

 

5 hsa-miR-128 

ovarian cancer 

[12–14] colorectal cancer 

Gastric cancer 

6 hsa-miR-1237 Gastric cancer [15] 

7 hsa-miR-486 

ovarian cancer 

[16–18] oral cancer 

gastric Adenocarcinoma 

8 hsa-miR-98 

ovarian cancer 

[19, 20] pancreatic ductal adenocarcinoma 

 

9 hsa-miR-933 Breast cancer [21] 

10 hsa-miR-889 
cervical cancer 

[22, 23] 
colorectal cancer 
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Supplementary Table 7. Prediction list of the identified miRNA signature associated with ovarian cancer based on 
known associations in dbDEMC 2.0 and HMDD v3.0 databases. 

Rank MiRNA Cancer type Expression status Experiment ID LogFC 

1 hsa-miR-19b ovarian cancer up EXP00327 0.20 

2 hsa-let-7f ovarian cancer down EXP00259 -0.93 

3 hsa-miR-323 - - - - 

4 hsa-miR-1978 - - - - 

5 hsa-miR-128 ovarian cancer up EXP00260 1.44 

6 hsa-miR-1237 ovarian cancer up EXP00327 0.48 

7 hsa-miR-486 ovarian cancer up - - 

8 hsa-miR-98 ovarian cancer down EXP00259 -1.07 

9 hsa-miR-933 - - - - 

10 hsa-miR-889 ovarian cancer down EXP00327 -0.41 

11 hsa-miR-301b ovarian cancer up EXP00301 1.98 

12 hsa-miR-514 ovarian cancer down EXP00327 -0.25 

13 hsa-miR-935 ovarian cancer up EXP00260 0.86 

14 hsa-miR-653 ovarian cancer down EXP00260 -0.21 

15 hsa-miR-1251 ovarian cancer down EXP00301 -2.78 

16 hsa-miR-616 - - - - 

17 hsa-miR-662 ovarian cancer up EXP00327 0.49 

18 hsa-miR-182 ovarian cancer up EXP00259 5.23 

19 hsa-miR-1245 - - - - 

20 hsa-miR-200c ovarian cancer up EXP00260 4.13 

21 hsa-miR-34a ovarian cancer down EXP00260 -0.16 

22 hsa-miR-187 ovarian cancer up EXP00260 3.92 

23 hsa-miR-190 - - - - 

24 hsa-miR-342 - - - - 

25 hsa-miR-513a - - - - 

26 hsa-miR-146b ovarian cancer up 29518404 - 

27 hsa-miR-1197 ovarian cancer down EXP00327 -0.24 

28 hsa-miR-577 - - - - 

29 hsa-miR-185 ovarian cancer down 23318422 - 

30 hsa-miR-212 ovarian cancer down EXP00260 -1.71 

31 hsa-miR-874 ovarian cancer down EXP00260 -2.11 

32 hsa-miR-1304 ovarian cancer up EXP00327 0.25 

33 hsa-miR-106b ovarian cancer up EXP00260 1.55 

34 hsa-miR-31 ovarian cancer up EXP00327 0.26 

35 hsa-miR-320d ovarian cancer down EXP00259 -0.81 

36 hsa-miR-1295 - - - - 

37 hsa-miR-664 ovarian cancer up EXP00260 1.09 

38 hsa-let-7b ovarian cancer down EXP00327 -0.29 

39 hsa-miR-24 ovarian cancer up EXP00260 0.55 

 

  



 

www.aging-us.com 12689 AGING 

Supplementary Table 8. Clinical information of independent test cohort. 

Race Asian 11 

 black or african american 5 

 NA 8 

 White 136 

Age in years (average) 56.76  

Cancer stage Stage I 1 

 Stage II 10 

 Stage III 127 

 Stage IV 22 

Ethnicity hispanic or latino 3 

 Not hispanic or latino 101 

 NA 56 

Follow-up time in days (average) 454.27  
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