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Abstract
Backgroud: Accurately forecasting the prognosis could improve therapeutic management of cancer
patients, however, the currently used clinical features are di�cult to provide enought information. The
purpose of this study is to develop a survival prediction model for cervical cancer patients with big data
and machine learning algorithms.

Results: The cancer genome atlas cervical cancer data, including the expression of 1046 microRNAs and
the clinical information of 309 cervical and endocervical cancer and 3 control samples, were downloaded.
Missing values and outliers imputation, samples normalization, log transformation and features scaling
were performed for preprocessing and 3 control, 2 metastatic samples and 707 microRNAs with missing
values ≥ 20% were excluded. By Cox Proportional-Hazards analysis, 55 prognosis-related microRNAs (20
positively and 35 negatively correlated with survival) were identi�ed. K-means clustering analysis showed
that the cervical cancer samples can be separated into two and three subgroups with top 20 identi�ed
survival-related microRNAs for best strati�cation. By Support Vector Machine algorithm, two prediction
models were developed which can segment the patients into two and three groups with different survival
rate, respectively. The models exhibite high performance : for two classes, Area under the curve = 0.976
(training set), 0.972 (test set), 0.974 (whole data set); for three classes, AUC = 0.983, 0.996 and 0.991
(group1, 2 and 3 in training set), 0.955, 0.989 and 0.991 (group 1, 2 and 3 in test set), 0.974, 0.993 and
0.991 (group 1, 2 and 3 in whole data set) .

Conclusion: The survival prediction models for cervical cancer were developed. The patients with very low
survival rate (≤ 40%) can be separated by the three classes prediction model �rst. The rest patients can
be identi�ed by the two classes prediction model as high survival rate (≈ 75%) and low survival rate (≈
50%).

Background
Cervical cancer is one of the leading causes of cancer-related women deaths worldwide which accounts
for more than 520,000 new cases and 260,000 deaths each year.1 Although vaccines against the most
important carcinogenic human papilloma virus (HPV) types, HPV16 and HPV 18 for example, are
available commercially, the number of women receiving the vaccine is still low, especially in developing
countries.2 Furthermore, despite effective treatment of early cervical cancer with surgery and radiation
therapy, it will be uncontrollable when the cancer cells become metastatic.3

Survival prediction is important for both health care professionals and patients; accurately forecasting
the prognosis could improve therapeutic management, including treatment decision and
recommendations.4 Furthermore, accurate prediction of the survival would be useful for prevention of
disease progression after �rst diagosis and treatment.5 On the other hand, patients and their families can
also set appropriate goals base on an accurate prediction.6 Inaccurate predictions may lead to worse
treatment decision, such as over-treatment or late palliative care.4,5
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However, accurate prediction of the survival of cervical cancer patients is di�cult as the currently used
clinical characteristics, such as clinical stage, could not provide enough information involved in the
mechanistic details of the tumor cells.6,7 The molecular information of the cervical cancer cells, such as
expression level of gene, microRNA (miRNA) and long non-coding RNA (lncRNA) and the status of gene
mutation and methylation, has not been well analyzed for survival prediction of cervical cancer yet.
Meanwhile, the rapidly developing deep learning and machine learning technologies have been widely
used for analysis of the medical data and discriminative model development,8–10 which raises the
probabilities of development of survival prediction model for cervical cancer with big molecular data, The
cancer genome atlas (TCGA) data for example.11

Thus, the objective of this study is to develop a survival prediction model for cervical cancer patients with
big data and machine learning algorithms.

Results

Work�ow and data preprocessing
The work�ow of the study was described in Fig. 1a. The TCGA data of 309 cervical and endocervical
cancer samples and 3 control samples were downloaded by Firehose online tool, which includes the
expression data of 1046 miRNAs and clinical information. According to experimental design, 3 control
and 2 metastatic samples and 707 miRNAs with missing values ≥ 20% were excluded. The rest missing
values and identi�ed outliers were replaced by K-Nearest Neighbor (KNN) method. The data was then
normalized and scaled as described in method section. The preprocessed miRNA expression data in 307
primary cervical cancer samples was given in Supplementary Table 1 and the expression pro�les were
presented as heatmap (Supplementary Fig. 1). The preprocessed data were subjected to further analysis.

Association of clinical features and the survival rate of
cervical cancer patients
To assess the predictive value of clinical features for survival in cervical cancer, the clinical
characteristics were summarized in Supplementary Table 2. The results from Chi-Square analysis
showed that only clinical stage is signi�cantly associated with the 3-years survival (P = 0.040) (Figure.
1b). The subsequent Kaplan-meier analysis showed that patients in clinical stage I-IIa and IIb-IVb have
statistically different 3-year survival rate with Log-rank P value of 0.020 (Fig. 1c). While, as mentioned
above, a better prediction model is needed, we thus intend to achieve this goal by machine learning and
molecular characteristics.

Survival-related miRNA features selection
To cluster the cervical cancer patients with different prognosis, the survival-related features were
identi�ed; miRNAs were used in this study as its important roles in regulating signaling networks involved
in tumorigenesis.12 The survival-related miRNAs were identi�ed by Cox Proportional-Hazards (Cox-PH)



Page 5/16

regression. In total, 55 prognosis-related miRNAs (20 positively and 35 negatively correlated with survival)
(with P < 0.05) were identi�ed (Supplementary Table 3). To verify these prognosis-related miRNAs, the
average expression levels of prognosis-related miRNAs in samples grouped base on 3-years survival were
shown in Fig. 2a and 2b. We found that all identi�ed miRNAs were differently expressed in the two
groups, and interestingly, tumor samples collected from patients who loss to follow up < 3 years have the
similar miRNA expression pro�les with samples of patients with high 3-years survival rate. These data
demonstrated that the survival-related miRNAs of cervical cancer samples were correctly identi�ed.

Strati�cation of the patients by survival-related features
K-means clustering algorithm was used to stratify the patients. We tried all 55, top 30 and top 20 survival-
related miRNAs as features and the parameter K was set to 2 to 6. The clustered patients (Supplementary
Table 4) were subsequently subjected to Kaplan-meier analysis. We found that clustering by top 20
survival-related miRNAs obtained the best strati�cation (Fig. 3) and the patients could be classi�ed into 2
and 3 groups (P = 0.0092 for K = 2, P = 0.0045 for K = 3, Log-rank test). We therefore determined these
parameters for Support Vector Machine (SVM) model development.

SVM model development and validation
We next used the labeled patients and top 20 survival miRNA features to develop classi�cation model by
SVM algorithm and 70%/30% split was used. Receiver operating characteristics (ROC) curve and Area
under the curve (AUC) were employed to evaluate the performance of the classi�cation model. Kaplan-
meier analysis with Log-rank p value was used to assess the accuracy of survival subtype prediction; to
avoid the sampling error, all samples were used. The whole strategy for model development and
veri�cation is provided in Fig. 4a. As shown Fig. 4b and 4c, all training, test and whole dataset generated
high AUC values (for two classes: AUC = 0.976 (training set), 0.972 (test set), 0.974 (whole data set); for
three classes: AUC = 0.983, 0.996 and 0.991 (group1, 2 and 3 in training set), 0.955, 0.989 and 0.991
(group 1, 2 and 3 in test set), 0.974, 0.993 and 0.991 (group 1, 2 and 3 in whole data set) ), and signi�cant
Log-rank p values (for two classes: Log-rank P = 0.025; for three classes: Log-rank P = 0.00078 (Group 1
vs 2 P ≤ 0.001, Group 1 vs 3 P = 0.015, Group 2 vs 3 P = 0.074)). These results demonstrated that the two
SVM models are robust to predict survival-speci�c clusters. Although three classes prediction model
failed to separate group 2 and 3, it can be used to identify the patients with very low survival rate (3-years
survival rate ≤ 40%) accurately. The rest patients can be further divided into two groups (high survival
rate (3-years survival rate ≈ 75%) and low survival rate (3-years survival rate ≈ 50%)) with the two classes
prediction model.

Bioinformatic analysis of features used in prediction model
Finally, the pathways analysis of target genes predicted with top 20 survival-related miRNAs showed that
pathways involved in presynaptic depolarization and calcium channel opening, PPARα, cell-extracelluar
matrix interactions, L1 and Ankyrins, apoptosis, FOXO-mediated transcription of cell death genes,
NOTCH1, MECP2, type I IFN production and TP53 degradation, etc. were primarily impacted
(Supplementary Table 5 and Figure. 5).
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Discussion
In this study, the survival prediction models for cervical cancer were developed. The survival-related
miRNAs were used as the features. The patients can be divided into three groups: high survival rate (≈ 
75%), low survival rate (≈ 50%) and very low survival rate (≤ 40%).

Cervical cancer is still one of the leading causes of cancer-related women deaths worldwide.1–3 Despite
the development of HPV vaccine, this disease remains high incidence rate, especially in developing
countries.1,2 The metastatic cervical cancer is incurable, and thus accurately forecasting the survival is
important for both health care professionals and patients to improve the therapeutic management and
satisfaction of patients and their families. To achieve this goal, the big data and the machine learning
technologies were employed in this study.

MiRNAs are small endogenous non-coding RNAs that regulates gene expression.13–15 Evidence have
demonstrated that the miRNAs plays important roles in human cancer cells, incluidng activating
proliferation, invasion, metastasis and angiogenesis and suppressing tumor suppressors.16,17

Accumulating studies have shown that miRNAs can be served as biomarkers and therapeutic targets.18,19

Thus, given the important roles of miRNAs in cancer cell regulation, we used miRNAs as the features for
discriminative model development.

In this study, we employed the results of K-means clustering analysis to determine the number of survival-
related features that would be used for SVM model development. We found that the number of the
features would be carefully chosen according to the discriminative ability of the features and the sample
size of the study. In this case, the top 20 survival-related miRNAs obtained the best strati�cation (Fig. 3)
and the patients could be classi�ed into 2 and 3 groups (P = 0.0092 for K = 2, P = 0.0045 for K = 3, Log-
rank test).

Most of survival prediction models developed so far separate the patients into two groups (high and low
survival rate).20–22 However, by combination of the strati�cation models, the patients can be identi�ed
more accurately. In our study, we developed two prediction models that divide the patients into two and
three groups, respectively (Figs. 3 and 4). Although three classes prediction model failed to separate
group 2 and 3, it can be used to identify the patients with very low survival rate (3-years survival rate ≤ 
40%) accurately �rst. Then, the rest patients can be further identi�ed as patients with high survival rate (3-
years survival rate ≈ 75%) and low survival rate (3-years survival rate ≈ 50%).

Conclusion
In summary, the survival prediction models for cervical cancer were developed in this study. The patients
with very low survival rate (≤ 40%) can be separated by the three classes prediction model �rst. The rest
patients can be identi�ed by the two classes prediction model as high survival rate (≈ 75%) and low
survival rate (≈ 50%).
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Material And Methods
Datasets and work�ow

We used the TCGA data to develop the prognosis prediction program. The TCGA data of 309 cervical and
endocervical cancer samples and 3 control samples were downloaded by Firehose online tools, which
includes the expression data of 1046 miRNAs (�le name:
gdac.broadinstitute.org_CESC.miRseq_Preprocess.Level_3.2016012800.0.0) and clinical information (�le
name: gdac.broadinstitute.org_CESC.Merge_Clinical.Level_1.2016012800.0.0). The survival-related
miRNAs identi�ed by Cox-PH model were used for clustering the samples. The labeled samples and
related survival-related miRNA features were used for SVM model development. The details of work�ow
were presented in Fig. 1a.

Survival-related clinical features identi�cation
Frequency distribution table containing selected clinical features was made according to the standard
protocol. The patients were strati�ed into survival ≤ 3 years and survival > 3 years. R command
(chisq.test()) was used to implement Chi-square test and P < 0.05 was regarded as statistically
signi�cant.

Data preprocessing
According to experimental design (Fig. 1a), 3 control samples, 2 metastasis samples and 707 miRNAs
with missing values ≥ 20% were excluded. MetaboAnalyst 4.0 online software was used for missing
values replacement, outliers identi�cation, samples normalization and features scaling. Brie�y, the
missing values were replaced by KNN method. The outliers were identi�ed by Interquartile Range (IQR)
method. Median normalization was used for sample normalization. Autoscaling algorithm was used for
features scaling. The expression pro�les of preprocessed miRNAs in cervical cancer patients were
presented as heatmap.

Survival-related miRNAs identi�cation
Cox-PH model was used to identi�cation of survival-related miRNAs. R package “survival” was used to
calculate of p value for each miRNA feature. The expression pro�les of survival-related miRNAs in
patients were presented as heatmap.

K-means clustering
R command, kmeans() was used to perform stratify the patients according to survival. The expression
data of top 20, top 30 or total survival-related miRNAs were input into K-means program. The K parameter
was set to 2 to 6.

Kaplan-meier analysis
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Kaplan-meier analysis was used to calculate and plot the survival rate of strati�ed patients. Surv�t()
command in Survival R package and ggsurvplot() command in Survminer R package were used to plot
Kaplan-meier curve. Log-rank p value for each analysis was given.

Supervised classi�cation model development
The supervised classi�cation model was developed by SVM algorithm with labeled samples and the
expression data of top 20 survival-related miRNAs. The SVM model was developed by splitting the
samples 70%/30% to training and held-out testing data. The R command svm() in e1071 R package was
used to SVM algorithm implementation.

ROC curve
The R command roc() in pROC R package was used to plot ROC curve.

Bioinformatic analysis
The mature miRNAs of survival-related stem-loop miRNAs were checked by miRbase online database.
The predicted targets of mature miRNAs derived from top 20 survival-related stem-loop miRNAs were
analyzed by miRDB online tool. Only predicted targets with target score ≥ 90 were recorded and the top
20 targets were included for bioinformatic analysis. Pathway analysis was performed by reactome online
software.

Abbreviations
HPV
human papilloma virus; miRNA:microRNA; lncRNA:long non-coding RNA; TCGA:The cancer genome atlas;
KNN:K-Nearest Neighbor; Cox-PH:Cox Proportional-Hazards; SVM:Support Vector Machine; ROC:Receiver
operating characteristics; AUC:Area under the curve; IQR:Interquartile Range
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Figures

Figure 1

Work�ow of the study and association of clinical characteristics and survival rate of cervical cancer
patients. (A) Work�ow of cervical cancer prognosis prediction model development. The TCGA (The
Cancer Genome Atlas) cervical cancer miRNA expression data was preprocess and used for patients
clustering by K-means algorithm; the labeled patients were then used for developing prediction model
development by SVM program. (B) The association between clinical characteristics and 3-years survival
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was analyzed by Chi-Square analysis (P < 0.05 means statistical signi�cance). (C) The overall survival of
cervical cancer patients in stage I-IIa and stage IIb-IVb was analyzed by Kaplan-meier analysis. P < 0.05
means signi�cant difference.

Figure 2

The expression of identi�ed prognosis-related miRNAs in cervical cancer samples. (A) The average
expression level of each prognosis-related miRNAs identi�ed by Cox-PH regression analysis in cervical
cancer samples of patients who survival ≤ 3 years (red), survival > 3 years (green), loss to follow up ≤ 3
years (blue) was presented as heatmap. (B) The prognosis-related miRNAs were clustered base on their
expression in cervical cancer patients; 20 miRNAs are positively correlated with survival ability and 35
miRNAs are negatively correlated with survival ability of cervical cancer patients. Tumor samples of
patients who loss to follow up < 3 years have the similar miRNA expression pro�les with samples of
patients with high 3-years survival rate.
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Figure 3

Kaplan-meier analysis of the survival of cervical cancer patients strati�ed by K-means clustering. The
cervical cancer samples were clustered by K-means clustering algorithm (K = 2-6) with top 20 (top), top
30 (middle) and all 55 (bottom) identi�ed prognosis-related miRNAs, followed by Kaplan-meier analysis
of the survival of corresponding patients. Only when K=2 and 3, the patients were well strati�ed with
statistically signi�cant difference in survival rate (P < 0.05, Log-rank test).
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Figure 4

Validation of survival prediction models. (A) Work�ow of SVM model development and veri�cation. The
SVM classi�cation model was developed by splitting the samples 70%/30% to training and held-out
testing data. The performance of model was veri�ed by test, training and all samples dataset by
calculating AUC (Area under the curve) and Log-rank P value. (B) The performance of classi�cation for
the prediction model was evaluated by ROC (Receiver operating characteristics) curve and AUC value. (C)
The accuracy of survival subtype prediction was assessed by Kaplan-meier analysis and Log-rank P
value.
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Figure 5

Pathway analysis of the predicted target genes of top 20 survival-related miRNAs. The mature miRNAs of
survival-related stem-loop miRNAs were checked by miRbase online database (http://www.mirbase.org/).
The predicted targets of mature miRNAs derived from top 20 survival-related stem-loop miRNAs were
analyzed by miRDB online tool (http://mirdb.org/index.html). Only predicted targets with target score ≥
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90 were recorded and the top 20 targets were included for bioinformatic analysis. Pathway analysis was
performed by reactome online software (https://reactome.org/).
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