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Abstract 

Background: Cervical cancer (CC) represents the fourth most frequently diagnosed malignancy affecting women all 
over the world. However, effective prognostic biomarkers are still limited for accurately identifying high-risk patients. 
Here, we provided a combination machine learning algorithm-based signature to predict the prognosis of cervical 
squamous cell carcinoma (CSCC).

Methods and materials: After utilizing RNA sequencing (RNA-seq) data from 36 formalin-fixed and paraffin-embed-
ded (FFPE) samples, the most significant modules were highlighted by the weighted gene co-expression network 
analysis (WGCNA). A candidate genes-based prognostic classifier was constructed by the least absolute shrinkage 
and selection operator (LASSO) and then validated in an independent validation set. Finally, based on the multivariate 
analysis, a nomogram including the FIGO stage, therapy outcome, and risk score level was built to predict progres-
sion-free survival (PFS) probability.

Results: A mRNA-based signature was developed to classify patients into high- and low-risk groups with significantly 
different PFS and overall survival (OS) rate (training set: p < 0.001 for PFS, p = 0.016 for OS; validation set: p = 0.002 
for PFS, p = 0.028 for OS). The prognostic classifier was an independent and powerful prognostic biomarker for PFS 
in both cohorts (training set: hazard ratio [HR] = 0.13, 95% CI 0.05–0.33, p < 0.001; validation set: HR = 0.02, 95% CI 
0.01–0.04, p < 0.001). A nomogram that integrated the independent prognostic factors was constructed for clinical 
application. The calibration curve showed that the nomogram was able to predict 1-, 3-, and 5-year PFS accurately, 
and it performed well in the external validation cohorts (concordance index: 0.828 and 0.864, respectively).

Conclusion: The mRNA-based biomarker is a powerful and independent prognostic factor. Furthermore, the nomo-
gram comprising our prognostic classifier is a promising predictor in identifying the progression risk of CSCC patients.

Keywords: Cervical squamous cell cancer, Weighted gene co-expression network analysis, Least absolute shrinkage 
and selection operator, Prognostic biomarkers, Nomogram
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Background
Cervical cancer (CC) represents the fourth most fre-
quently diagnosed malignancy and the fourth leading 
cause of cancer-related death among females in 2018 
worldwide [1]. Currently, the early diagnosis rate of 
cervical cancer has been improved after the introduc-
tion of cytologic screening and high-risk human pap-
illomavirus (HPV) DNA testing, while the incidence 
has been decreased due to the development of vaccines 
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against HPV. Comprehensive treatment, including the 
combination of bevacizumab, has achieved a favorable 
outcome for patients with cervical cancer [2–4]. How-
ever, 15–61% of women with stage I–III will experi-
ence metastatic disease, usually within the first 2 years 
of completing treatment [5]. Furthermore, for women 
with disease progression, the median overall survival 
ranges from 7 to 53 months [6]. So it appears that cer-
vical cancer with similar baseline features is comprised 
of different groups with distinct outcomes. This hetero-
geneity within cervical cancer may be attributed to dif-
ferences in molecular characterization. Currently, the 
International Federation of Gynecology and Obstetrics 
(FIGO) stage, lymph node status and clinicopathologi-
cal features of the primary tumor are the most impor-
tant prognostic variables for cervical cancer [7, 8], but 
these traditional prognostic factors do not help predict 
which patient will suffer disease progression.

With the rapid development of genomic sequencing 
technology, there has been increasing interest in the 
identification of molecules that are intimately associ-
ated with tumor phenotype and clinical behavior. In 
pursuit of molecules with better predictive value for 
cervical cancer, previous investigations have reported 
valuable biomarkers such as COX-2 [9, 10], p53 [11], 
VEGF [12], and Ki-67 [13]. Recently, more candidate 
molecules have been identified [14–16]. However, the 
prognostic relevance of some biological factors requires 
further investigation because of a lack of high through-
put data or failure of validation from independent cent-
ers. Although several biomarkers have been applied to 
predict the clinical outcome of patients with cervical 
cancer, their sensitivity and/or specificity remain unsat-
isfactory. Therefore, it is extremely urgent to identify 
more valuable biomarkers for diagnosing and monitor-
ing recurrence and evaluating prognosis [17, 18].

In the present study, a combination machine learn-
ing algorithm-based strategy was developed to build 
robust prognostic models by using the RNA sequencing 
(RNA-seq) data from our retrospective cervical squa-
mous cell carcinoma (CSCC) patient cohort. External 
RNA-seq datasets about CSCC with clinical follow-
up details were carefully reviewed in Gene Expression 
Omnibus (GEO), The Cancer Genome Atlas (TCGA), 
and Oncomine databases. The eligible dataset was used 
as an independent validation set for the prognostic 
value. The performance of the Cox regression verified 
that our classifier was independent of clinical features. 
Furthermore, a nomogram was generated to predict the 
1-, 3- and 5-year progression-free survival in the train-
ing cohort and evaluated in the independent validation 
cohort.

Methods and materials
Patients and clinical data
A total of 36 CSCC patients who underwent concurrent 
radiochemotherapy in Sichuan Cancer Hospital between 
2013 and 2018 were included in the training set, based on 
the following criteria: (1) histologically confirmed CSCC; 
(2) availability of adequate archival formalin-fixed paraf-
fin-embedded (FFPE) tissue collected prior to treatment; 
and (3) availability of complete clinical and follow-up 
data. Clinical staging was performed or updated accord-
ing to the FIGO staging of cancer of the cervix uteri 
(2018) [19] and the 8th edition of the International Union 
Against Cancer (UICC)/American Joint Committee on 
Cancer (AJCC) Tumor Node Metastasis (TNM) classifi-
cation [20] (Additional file 1: Table S1).

TCGA is a database comprised of high throughput 
genetic information of different cancer types. To avoid 
the batch effect from different platforms, the Genomic 
Data Commons (GDC) Legacy Archive (https ://porta 
l.gdc.cance r.gov/legac y-archi ve) was chosen to acquire 
the raw gene counts data and corresponding clinical 
information of human cervical carcinoma [21]. The selec-
tion criterion of the data for external validation was as 
follows: experimental strategy (RNA-Seq), data category 
(Gene expression), data type (Gene expression quan-
tification), platform (Illumina HiSeq), workflow type 
(HTSeq—Counts), and clinicopathological information 
(detailed FIGO/TNM stage, therapy outcome, and sur-
vival information). Finally, the validation dataset contains 
252 CSCC tissues.

The median follow-up time was 36  months for the 
training set, and 22.5  months for the validation set, 
respectively. The progression-free survival (PFS) was cal-
culated from the date of initial diagnosis until progres-
sion or death, whichever came first, or last follow-up 
examination. The overall survival (OS) was estimated 
from the date of initial diagnosis to death or last follow-
up examination. The protocol was approved by the ethics 
committee of Sichuan Cancer Hospital and carried out 
according to the principles of the Declaration of Helsinki. 
Informed consent was obtained from all patients in the 
training cohort for the acquisition and use of tissue sam-
ples and clinical data.

Clinical samples and RNA sequencing
The 36 FFPE samples were obtained from patients in 
the training cohort. Total RNA was extracted from 
archived FFPE specimens with the RNeasy FFPE Kit 
(Qiagen GmbH, Hilden, Germany) after deparaffiniza-
tion with Xylene. Paired-end libraries were synthesized 
from 100 ng/ml of total RNA using SMARTer Stranded 
Total RNA-Seq Kit v2 (Takara Bio, Japan) according to 
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the manufacturer’s instructions. Sequence data were 
obtained using the Illumina NovaSeq 6000 platform.

Weighted gene co‑expression network analysis
The weighted gene co-expression network analysis 
(WGCNA), which was first proposed in 2005 [22], is 
based on the concept that genes in the same module 
share biological functions and/or are controlled by a 
common mechanism [23]. A batch of highly co-expressed 
genes is grouped into modules based on similarities in 
expression profiles among samples, and different mod-
ules are involved in individual functions [24]. WGCNA is 
increasingly being used to identify candidate biomarkers 
or therapeutic targets [25, 26].

The “variance stabilizing transformation (VST)” func-
tion from “DESeq  2” was used to obtain a normalized 
gene expression matrix. Then gene coexpression net-
work analysis and hub genes screening were performed 
by the “WGCNA” package. The procedure was as follows: 
(1) Outlier samples were removed to ensure that the 
results of network construction were reliable. (2) A soft 
threshold (power = 4) was selected by standard scale-free 
model fitting index  R2 = 0.703. (3) The adjacency matrix, 
a measurement of topology similarity, was transformed 
into a topological overlap matrix (TOM), and the corre-
sponding dissimilarity (1-TOM) was calculated. (4) The 
hierarchical clustering dendrogram was plotted with 
identified modules, which were composed of a cluster of 
interconnected genes. (5) The module eigengenes (MEs) 
were calculated to evaluate the correlation between the 
modules and the clinical traits. (6) The hub genes in the 
significant modules (4 modules in the present study) 
were extracted. (7) The correlation coefficients between 
the gene significance (GS) with module membership 
(MM) were calculated and the p values were obtained.

Least absolute shrinkage and selection operator
The least absolute shrinkage and selection operator 
(LASSO) is a machine learning algorithm in which both 
variable selection and regularization occur simultane-
ously. This penalized regression uses the L1 penalty 
which equals to the absolute value of the magnitude of 
coefficients to limit the size of the coefficients and then 
yields models with few coefficients (sparse models), 
and some coefficients can become zero and eliminate. 
Therefore, this model uses a penalty to shrink regres-
sion coefficients toward zero, a number of variables will 
be eliminated because their coefficients will shrink to 
exactly zero. This technique is quite suitable for analyzing 
gene expression profile, which is high dimensionality and 
small sample size [27, 28].

According to WGCNA results, a batch of genes in 
modules that were closely related to the prognosis of 

human CSCC was obtained. Those genes were used to 
identify the most powerful prognostic markers. In the 
present study, the LASSO regression model was per-
formed with the package “glmnet” and the penalty 
parameter “lambda” was selected to choose the best 
model based on leave-one-out cross-validation, which is 
more suitable than tenfold cross-validation for a smaller 
number of samples [29, 30]. Finally, we extracted varia-
bles with nonzero coefficients and their corresponding 
coefficients. Combining coefficients with the relative 
expression levels of the selected RNAs  (RNAi), a risk 
score for each patient was calculated: 
Risk score =

n∑

i=1

RNAi × Coei , in this formula the  Coei 

represents the coefficient of each mRNA from the model.

Statistical analysis and graphics
All statistical analyses and graphics were performed by 
using R software (R version 3.5.2). The associations of 
clinical characteristics between the training set and vali-
dation set were examined by Chi square test or Fisher’s 
exact test. The distributions of selected genes between 
groups were estimated and tested by the Wilcoxon rank-
sum test. The differential expression genes (DEGs) were 
calculated using Bioconductor packages of “DESeq  2”. 
The “pheatmap” package was used for heat maps. The 
optimal cutoff value, sensitivity, specificity, and Youden 
index were calculated via time-dependent ROC curves 
by using the “survivalROC” package. The concordance 
index (C-index) of the risk scores was computed in the 
“survcomp” package and compared by the Student t-test. 
Kaplan–Meier curves and log-rank tests were employed 
to analyze PFS and OS rates in the “survival” package. 
The Cox proportional hazards regression model was also 
performed in the package “survival”. The package “forest-
plot” was used for the presentation of the results of the 
univariable and multivariable analysis. The nomogram 
was formulated and validated by using the “rms” package. 
All statistical tests were two-sided.

Results
Cohort characteristics
The study design and workflow are indicated in Fig.  1. 
A total of 288 patients with CSCC from two independ-
ent datasets were recruited, the baseline characteristics 
of these patients were summarized in Additional file  1: 
Table S2. In the training set, there was no patient within 
FIGO stage I, T0-1 or M1 CSCC, and all 36 patients were 
treated with concurrent radiochemotherapy. In contrast, 
there were 125 patients within the FIGO stage I CSCC 
from the validation set, which were mainly treated with 
hysterectomy in the TCGA-CESC project. The other sig-
nificantly different characteristic between two datasets 
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was smoking status, 3% of patients in the training set had 
smoked for more than 3 years and 21% in the validation 
set (p = 0.018).

Weighted gene co‑expression networks
One sample was deleted as an outlier after the hierar-
chical clustering analysis (Additional file 2: Figure S1A). 
Then a co-expression network was constructed using 35 
cervical squamous cancer samples with complete clinical 
data (Additional file 2: Figure S1B). By the selected power 
of β = 4 (scale-free  R2 = 0.703) as the soft-thresholding 
(Additional file  2: Figure S2A), a total of 46 modules 
were identified (Additional file 2: Figure S2B). The high-
est association in the module-trait relationship was found 
between 4 modules (purple, magenta, orange, and light-
steelblue1) and vital status (p < 0.01) (Additional file  2: 

Figure S3). Next, the gene significance was calculated to 
quantify the associations of individual genes in 4 mod-
ules with vital status. For each module, the MM was used 
to quantitatively measure the correlation of the selected 
module and the gene expression profile. Scatterplots in 
Additional file  2: Figure S4 showed significantly posi-
tive correlations of module membership with gene sig-
nificance in vital status. As a result, the 1360 RNAs in 4 
modules closely related to the prognosis of human CSCC 
were considered as candidates for identifying prognostic 
markers in our cohort.

Construction of prognostic classifier by LASSO
In the LASSO Cox regression model of the train-
ing set, a sequence of models was returned by the 
function “glmnet”. The optimal penalty parameter 

252 cervical squamous cell carcinoma
RNA-seq

WGCNA

Purple & Magenta & Orange & Lightsteelblue1 module

Raw data quality control

DESeq2 Normlization: 
Variance Stabilizing Transformation (VST)

Sichuan Cancer Hospital patient cohort

RNA sequencing experiment

LASSO COX model

36 formalin-fixed paraffin-embedded samples from 
cervical squamous cell carcinoma with complete 

follow-up data

RNA extraction

 2-mRNA-based risk score prognostic predictor

Training set

Independent Validation set

Validation

The Cancer Genome Atlas (TCGA) 
CESC project

Fig. 1 Flowchart of the prognostic model construction process
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(λ = 0.2828604) was chosen by leave-one-out cross-
validation via minimum criteria. We obtained 2 varia-
bles (ACAP1 and RASGRP1) with nonzero coefficients 
(Fig.  2a, b). Patients with higher ACAP1 showed sig-
nificantly longer OS and PFS in both the training 
set (Additional file  2: Figure S5A, B) and validation 
set (Additional file  2: Figure S6A, B) (p < 0.05), and 
RASGRP1 demonstrated the same prognostic value 

(p < 0.05) except for PFS in the training set (p = 0.09) 
(Additional file 2: Figures S5C, D, S6C, D).

A risk score was calculated based on the 2 mRNAs’ 
expression status and model coefficients for each sam-
ple in the training set: risk score = (0.29457828* sta-
tus of ACAP1) + (0.08243926* status of RASGRP1). A 
score of 0.6715958 was determined as the optimal cut-
off value with the maximum Youden index to separate 

Fig. 2 Construction of the prognostic model based on the risk score. a LASSO coefficient profiles of the 2 survival-related mRNAs. Each curve 
corresponds to a gene. It shows the path of its coefficient against the L1-norm of the whole coefficient vector at various λ values. The vertical 
line is drawn at the value λ = 0.2828604 chosen by leave-one-out cross-validation. Two genes (ACAP1 and RASGRP1) intersecting with the 
vertical line were chosen to build the final model. b Partial likelihood deviance for the LASSO coefficient profiles. The red dotted line stands for 
the cross-validation curve, error bars represent the upper and lower standard deviation curves along the λ sequence. The left vertical line shows 
the optimal λ value at which the minimum mean squared error is achieved and the corresponding genes. The right vertical line is for the most 
regularized model whose mean squared error is within 1 standard error of the minimal. It is indicated that the genes identified by optimal λ are the 
simplest model with the best performance. In a, b, the axis above indicates the number of genes involved in the LASSO model. c The expression 
levels of ACAP1 and RASGRP1 between low and high-risk groups in the training and validation set. The high-risk group (risk score ≥ 0.6715958) had 
significantly lower proportions of ACAP1 and RASGRP1 than the low-risk group (risk score < 0.6715958) in both datasets. All p values were corrected 
by the Bonferroni method. (Wilcoxon rank-sum test, *p-value < 0.05, ****p-value < 0.0001)
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patients into a low-risk group (risk score < 0.6715958) 
and high-risk group (risk score ≥ 0.6715958). In the 
validation set, risk scores were then calculated for 
each patient and the same cutoff value was used to 
divide patients into different groups. When comparing 
the expression levels of 2 genes between groups, we 
found that the high-risk CSCC group had significantly 
lower proportions of ACAP1 and RASGRP1 than the 
low-risk group in both the training and validation set 
(p < 0.05) (Fig.  2c). When a genome-wide differen-
tial gene expression analysis (DEA) was performed 
between high- and low-risk groups, ACAP1 and RAS-
GRP1 were found to be significantly lower in high-risk 
groups, but fold change did not reach the threshold of 
differential expression (Additional file  2: Figure S7A). 
Additionally, when DEA was performed between 
tumor and normal tissues from the validation set, it 
could be seen that both genes were highly expressed 
in tumor tissues, but RASGRP1 was a differentially 

expressed gene, while ACAP1 was not (Additional 
file 2: Figure S7B).

Validation of the risk score predictor for prognosis
As shown in Fig.  3a, d, two scatterplots and heatmaps 
were used to investigate the relationships between dis-
ease progression status and expression levels of selected 
genes in the training and validation set, respectively. 
Each point in the scatterplots represents a patient, and 
the shape of the point represents whether the disease has 
progressed or not. The corresponding heatmap below 
each point vertically represents the expression level of 
ACAP1 and RASGRP1 genes in this patient. It can be 
seen that the expression patterns of ACAP1 and RAS-
GRP1 in both datasets were quite similar. Patients from 
the low-risk group tended to express a higher ACAP1 
and RASGRP1 level, whereas patients from the high-risk 
group incline to express a lower level.

In the training set, the time-dependent ROC curve 
analysis showed the area under the curve (AUC) for PFS 

a b c

d e f

Fig. 3 The disease progression status and gene expression levels of each patient, time‐dependent receiver operating characteristic (ROC) curve, 
and survival analysis based on the prognostic classifier in the training set and validation set. a The distribution of disease progression status 
(upper panel) and gene expression levels (lower panel) of each patient between low and high-risk groups in the training set. Each point in the 
scatterplots represents a patient, and the shape of the point represents whether the disease has progressed or not. The corresponding heatmap 
below each point vertically represents the expression level of ACAP1 and RASGRP1 genes in this patient. The patients were ordered according 
to the risk score level. b Time-dependent ROC curves in the training set. The area under the curves (AUC) at 1-, 2-, 3-, and 5-year were used to 
evaluate the prognostic accuracy. c Survival analysis of the different risk groups in the training set according to the optimal cutoff value (log‐rank 
test p‐value < 0.001). d The distribution of disease progression status (upper panel) and gene expression levels (lower panel) of each patient 
between low and high-risk groups in the validation set. The patients were ordered according to the risk score level. e Time-dependent ROC curves 
in the validation set. f Kaplan–Meier curves show the distinct outcome between low‐ and high‐risk groups in the validation set (log‐rank test p‐
value = 0.002)
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at 1-, 2-, 3- and 5-year was 0.893, 0.898, 0.872 and 0.872, 
respectively (Fig. 3b), while the AUC for OS at 1-, 2-, 3- 
and 5-year was 0.817, 0.817, 0.839 and 0.787, respectively 
(Fig.  4a). We next sought to investigate the prognostic 
value of the risk score using the Kaplan–Meier survival 
curves and the log-rank test. The 1-, 2-, 3- and 5-year 
PFS rate of low-risk group was 100%, 87.8% (95% CI 
73.4–100), 80.5% (95% CI 62.8–100) and 80.5% (95% CI 
62.8–100) respectively, whereas it was only 61.1% (95% 
CI 42.3–88.3), 34.4% (95% CI 17.4–68.1), 20.6% (95% CI 
7.7–55.5), and 20.6% (95% CI 7.7–55.5) for the high-risk 
group (p < 0.001, Fig. 3c). Similarly, the OS rate was sig-
nificantly lower in the high-risk group compared with the 
low-risk group (p = 0.016) (Fig. 4b).

The 2-gene-based risk score prognostic predictor was 
then tested in the validation set. The AUC showed the 
ability of our model in predicting PFS (Fig.  3e) and OS 
(Fig. 4c) at 1-, 2-, 3- and 5-year. Then by Kaplan–Meier 

analysis and log-rank test, we found that the 1-, 2-, 3- and 
5-year PFS rate of low-risk group in the validation set 
was 94.5% (95% CI 90.3–98.9), 87.4% (95% CI 80.9–94.4), 
75.6% (95% CI 66.2–86.4) and 71.4% (95% CI 61.1–83.4) 
respectively, while it was 79.9% (95% CI 72.8–87.8), 66.5% 
(95% CI 57.9–76.3), 58.2% (95% CI 48.9–69.3), and 52.8% 
(95% CI 42.9–64.9) for the high-risk group (p = 0.002, 
Fig. 3f ). Likewise, patients with higher risk scores had a 
significantly lower OS rate than their low-risk counter-
parts (p = 0.028). The median OS of the high-risk and 
low-risk group was 103 months(95% CI 56—176 months) 
and 136 months (95% CI 56—200 months), respectively 
(Fig. 4d).

Cox proportional hazards regression model
To verify whether the risk score classifier is independent 
of other clinicopathologic features, the effect on PFS was 
analyzed by Cox proportional hazards regression in the 
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training and validation set. As shown in Fig.  5, in addi-
tion to FIGO stage, lymphovascular invasion (LVI) and 
therapy outcome, which are already well-known risk fac-
tors, multivariate analyses demonstrated that lower risk 
score remained a powerful and independent factor for 
a better PFS (training set: hazard ratio [HR] = 0.13, 95% 
CI 0.05–0.33, p < 0.001; validation set: HR = 0.02, 95% CI 
0.01–0.04, p < 0.001).

Furthermore, the predictive performance of the risk 
score classifier was compared with a 9-gene signature 
[31] and a 10-gene signature [32], respectively. Accord-
ing to the studies, the 9-gene signature was established 
to predict recurrence and the 10-gene signature was 
for OS. The risk score of both signatures was calculated 

according to the coefficients provided by the primary 
studies. The C-indices were then computed to assess the 
predictive power of different models in the validation set. 
The 2-mRNA based signature had a significantly higher 
C-index in predicting PFS (p‐value = 0.023) (Additional 
file  2: Figure S8A) and OS (p‐value = 0.001) (Additional 
file 2: Figure S8B) at each follow-up duration.

Construction and calibration of the nomogram for PFS
Nomograms are the visualization of statistical predic-
tive models specifically developed to provide a more 
individualized prediction of outcome based on a com-
bination of characteristics of each patient. Based on 
the results of the multivariable analysis, a nomogram 
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LVI (lymphovascular invasion, YES v.s. NO)

Radiotherapy (YES v.s. NO)
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Therapy Outcome (SD+PD v.s. CR+PR)

Risk Score Group (Low Risk v.s. High Risk)

Hazard.Ratio

1.54

0.34
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2.67

4
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0.58
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Fig. 5 Forest plot of hazard ratios for PFS assessed by the prognostic classifier and clinicopathological characteristics in the a training set and b 
validation set. Error bars represent 95% confidence intervals
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comprising the independent prognostic factors was 
formulated to predict the 1-, 3-, and 5-year PFS in 
the training cohort (Fig.  6a). The risk score level that 
divided patients into low risk and the high-risk group 
was found to have the largest contribution to progno-
sis, followed by therapy outcome and FIGO stage. Each 
category within the 3 variables was assigned a score 

on the “points” scale at the top. By summing all of the 
scores and locating it on the “total points” scale, we 
were easily able to draw a vertical line down to the PFS 
probability axis. Then the estimated probability of 1-, 3- 
and 5- year PFS was determined. The calibration plots 
showed that the bias-corrected line of 1-, 3- and 5-year 
PFS were close to the ideal curve, which indicated a 
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Fig. 6 Prognostic nomogram for PFS at 1-, 3- and 5-year and the calibration curves in both cohorts. a The nomogram was developed in the training 
cohort with the risk score level, Figo stage, and therapy outcome incorporated. Depending on the value which is located on the 3 variable axes for 
each patient, a score will be assigned by drawing a line from the value on each variable axis up to the “points” scale. By summing all of the scores 
and locating it on the “total points” scale, we were easily able to draw a vertical line down to the PFS probability axis to determine the likelihood of 
1-, 3- and 5- year PFS. The calibration curves for predicting PFS at each time point in the b training set and c validations set. Nomogram-predicted 
PFS is plotted on the x-axis; actual PFS is plotted on the y-axis
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good agreement between predicted and actual PFS 
in both the training and external validation cohort 
(Fig.  6b, c). The C-index of the nomogram was 0.828 
(95% CI 0.728–0.927) in the training cohort, 0.864 (95% 
CI 0.791–0.938) in the external validation cohort.

Discussion
In this study, the sequencing data of the training cohort 
was obtained by RNA-seq experiments in FFPE tumor 
tissues from Chinese patients with CSCC. The 4 modules 
with a significantly positive relation to vital status were 
identified by WGCNA, and the selection was narrowed 
to 2 candidate mRNAs by LASSO Cox regression. Sub-
sequently, according to the optimal cut-off point of risk 
score identified by the ROC analysis, CSCC patients 
in the training set were divided into low- and high-risk 
groups whose PFS and OS were significantly different. 
The reliability of our prognostic classifier was further 
confirmed in the independent validation set, indicating 
excellent reproducibility. The expression patterns of 2 
mRNAs between low and high-risk groups in both RNA-
seq based datasets were quite similar. More importantly, 
the results of the Cox proportional hazards regression 
model indicated that our classifier had a similar prognos-
tic ability to the FIGO stage and therapy outcome, and 
could act as an independent factor for CSCC prognosis in 
both cohorts. Finally, based on the multivariate analysis 
of PFS, we built a nomogram including the FIGO stage, 
therapy outcome, and risk score level to predict PFS 
probability. The performance of the nomogram was veri-
fied in the validation cohorts from TCGA. The C-index 
(0.864) and highly fitted calibration plots revealed that 
our nomogram could provide simple and accurate prog-
nosis predictions for 1-, 3- and 5-year PFS of CSCC.

WGCNA is a widely used approach to identify hub 
genes correlated with clinical traits in the data mining 
process. However, previous studies constructed the co-
expression network mainly based on the filtering genes 
by differential expression analysis (DEA) [33, 34], which 
can lead to losing some potential genes and invalidate 
the scale-free topology assumption [35]. Recently, several 
studies have reported on the transcriptional profiles of 
cervical cancer. The first study identified a series of mark-
ers by performing the LASSO Cox regression model [31]. 
Three other studies selected and validated the prognos-
tic signatures in a single dataset [32, 36, 37]. However, 
these studies used only one algorithm to select markers 
or lacked independent validation samples. To overcome 
these issues, a combination strategy from two distinct 
machine learning algorithms was developed based on the 
data without DEA to minimize the possibility of ignor-
ing important biomarkers. Then the candidates were vali-
dated in an independent cohort.

Interestingly, both mRNAs in our model were found 
novelly to be associated with CSCC. Functions of ACAP1 
in mediating endocytic recycling [38, 39] and cell migra-
tion [40] have been investigated already, but there is lim-
ited information on human cancers. The protein product 
of ACAP1, a GTPase-activating protein (GAP), activates 
the ADP-ribosylation factor 6 (ARF6) [41]. The amounts 
of ACAP1 are higher in highly invasive breast cancer cell 
lines than in weakly invasive or noninvasive cell lines 
[42]. As a key transport effector in the recycling of integ-
rin β1, the inhibition of ACAP1 activation would lead to 
the suppression of glioma cell invasion [43]. These results 
suggest the potential involvement of ACAP1 in cancer 
progression. On the other hand, the role of RASGRP1 
in tumorigenesis and progression remains controversial. 
Zhang et  al. found that RASGRP1 was upregulated in 
hepatocellular carcinoma (HCC) and the overexpression 
of RASGRP1 was an independent prognostic risk factor 
in HCC patients [44]. In another study, the interactions 
between RASGRP1 and the RAS effector kinase CRAF 
was found to be an important factor that led to drug 
resistance in lymphoma both in  vitro and in  vivo [45]. 
On the contrary, Depeille et al. identified high RASGRP1 
expression in colorectal cancer (CRC) patients corre-
lated with a better clinical outcome [46]. Similarly, Wang 
et  al. recently indicated higher expression of RASGRP1 
was associated with better DFS and OS for triple-neg-
ative breast cancer [47]. Here, we firstly report that the 
expression level of RASGRP1 mRNA was significantly 
associated with the prognosis of CSCC. Due to the lack 
of studies, the molecular mechanisms of RASGRP1 in 
CSCC remain unclear. Although our results indicate that 
RASGRP1 may be an intriguing target for CSCC, addi-
tional experimental studies should be conducted to sup-
port these findings.

To the best of our knowledge, this is the first nomo-
gram for predicting PFS of patients with CSCC that is 
based on RNA-seq data with long-term follow-up. A 
comprehensive, easy-to-use scoring system could have a 
favorable impact on the options of treatment and follow-
up schedules for patients with an individualized predic-
tion of PFS probability. Despite our noteworthy findings, 
this nomogram is limited by the retrospective nature of 
data acquisition and the failure to integrate some rec-
ognized prognostic factors, such as primary tumor size, 
stromal invasion, and lymphovascular invasion. Further 
improvements on larger data collecting, incorporation 
of other prognostic factors, and prospective validation 
will refine our classifier. Functional analysis of these mol-
ecules may provide new insights into mechanisms under-
lying the progression of CSCC and may help with the 
discovery of potential therapeutic targets.
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In summary, we developed a risk score as defined by an 
expression pattern of 2 genes for determining the prog-
nosis of CSCC patients. The initial results are promising 
and a nomogram comprising our prognostic classifier 
may help predict individual progression risk. The novel 
co-expression network and machine learning-based 
strategy described in the study may have a broad applica-
tion in precision medicine.

Supplementary information
Supplementary information accompanies this paper at https ://doi.
org/10.1186/s1296 7-020-02387 -9.

Additional file 1: Table S1. The 8th edition of the International Union 
Against Cancer (UICC)/American Joint Committee on Cancer (AJCC) 
Tumor Node Metastasis (TNM) classification and the International Federa-
tion of Gynecology and Obstetrics (FIGO) Classifications for Cervical 
Cancer. Table S2. Baseline clinical features for the CSCC patients in the 
training set and validation set.

Additional file 2: Figure S1. The clustering dendrogram of 35 samples 
and heatmap of clinical traits. Figure S2. Determination of soft-thresh-
olding power and dendrogram of all modules. Figure S3. Module-trait 
relationships between module eigengenes and clinical traits. Figure S4. 
Correlations between the gene significance (GS) and module member-
ship (MM) in selected modules. Figure S5. Kaplan-Meier analyses of CSCC 
patients according to the ACAP1 and RASGRP1 status in the training 
set. Figure S6. Kaplan-Meier analyses of CSCC patients according to the 
ACAP1 and RASGRP1 status in the validation set. Figure S7. Volcano plots 
of differentially expressed genes (DEGs) between high-risk and low-risk 
groups in the training set and the validation set. Figure S8. Comparison of 
the C-indices of different signatures.

Abbreviations
CC: Cervical cancer; CSCC: Cervical squamous cell carcinoma; RNA-seq: RNA 
sequencing; FFPE: Formalin-fixed and paraffin-embedded; WGCNA: Weighted 
gene co-expression network analysis; LASSO: Least absolute shrinkage 
and selection operator; FIGO: International Federation of Gynaecology and 
Obstetrics; PFS: Progression-free survival; OS: Overall survival; HR: Hazard ratio; 
CI: Confidence interval; HPV: Human papillomavirus; GEO: Gene Expression 
Omnibus; TCGA : The Cancer Genome Atlas; GDC: Genomic Data Commons; 
VST: Variance stabilizing transformation; TOM: Topological overlap matrix; MEs: 
Module eigengenes; GS: Gene significance; MM: With module membership; 
DEGs: Differential expression genes; C-index: Concordance index; DEA: Gene 
expression analysis; AUC : Area under the curve; ROC: Receiver operating char-
acteristic curve; LVI: Lymphovascular invasion; GAP: GTPase-activating protein; 
ARF6: ADP-ribosylation factor 6; ACAP1: ArfGAP with coiled-coil, ankyrin repeat 
and PH domains 1; RASGRP1: RAS guanyl releasing protein 1; HCC: Hepatocel-
lular carcinoma; CRC : Colorectal cancer; DFS: Disease-free survival.

Acknowledgements
We thank Department of pathology of Sichuan Cancer Hospital for submitting 
the tissue sample blocks.

Authors’ contributions
YL, SL, and ML designed the experiments, analyzed the data, and wrote the 
paper; XP collected the follow-up data; ZZ provided the support of machine 
learning algorithms; JL provided expert knowledge and critically revised the 
paper. All authors edited the manuscript and agreed to be accountable for all 
aspects of the work. All authors read and approved the final manuscript.

Funding
This work was supported by the National Key Research and Development 
Program “Digital Diagnosis and Treatment Equipment Research and Develop-
ment” under Grant 2017YFC0113100.

Availability of data and materials
We declared that materials described in the manuscript, including all relevant 
raw data, will be freely available to any scientist wishing to use them for non-
commercial purposes, without breaching participant confidentiality.

Ethics approval and consent to participate
This study was approved by the ethics committee of Sichuan Cancer Hospital, 
and informed consent was taken from all recruited patients.

Consent for publication
Written informed consent for publication was obtained from all participants.

Competing interests
The authors declare that they have no competing interests.

Author details
1 School of Medicine, University of Electronic Science and Technol-
ogy of China, No. 2006, Xiyuan Avenue, High-tech Zone (West District), 
Chengdu 611731, Sichuan, People’s Republic of China. 2 Department of Radia-
tion Oncology, Sichuan Cancer Hospital & Institute, Sichuan Cancer Center, 
School of Medicine, University of Electronic Science and Technology of China, 
No. 55, South Renmin Avenue Fourth Section, Chengdu 610041, Sichuan, 
People’s Republic of China. 3 Radiation Oncology Key Laboratory of Sichuan 
Province, No. 55, South Renmin Avenue Fourth Section, Chengdu 610041, 
Sichuan, People’s Republic of China. 4 Department of Oncology, Xiangya Hos-
pital Central South University, Kaifu District, Changsha 410008, Hunan, People’s 
Republic of China. 

Received: 19 February 2020   Accepted: 21 May 2020

References
 1. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. Global 

cancer statistics 2018: GLOBOCAN estimates of incidence and mortality 
worldwide for 36 cancers in 185 countries. CA Cancer J Clin. 2018;68:394–
424. https ://doi.org/10.3322/caac.21492 .

 2. Nakano T, Kato S, Ohno T, Tsujii H, Sato S, Fukuhisa K, Arai T. Long-term 
results of high-dose rate intracavitary brachytherapy for squamous cell 
carcinoma of the uterine cervix. Cancer. 2005;103:92–101. https ://doi.
org/10.1002/cncr.20734 .

 3. Nag S, Cardenes H, Chang S, Das IJ, Erickson B, Ibbott GS, Lowenstein J, 
Roll J, Thomadsen B, Varia M. Proposed guidelines for image-based intra-
cavitary brachytherapy for cervical carcinoma: report from Image-Guided 
Brachytherapy Working Group. Int J Radiat Oncol Biol Phys. 2004;60:1160–
72. https ://doi.org/10.1016/j.ijrob p.2004.04.032.

 4. Tewari KS, Sill MW, Penson RT, Huang H, Ramondetta LM, Landrum 
LM, Oaknin A, Reid TJ, Leitao MM, Michael HE, et al. Bevacizumab for 
advanced cervical cancer: final overall survival and adverse event analysis 
of a randomised, controlled, open-label, phase 3 trial (Gynecologic 
Oncology Group 240). Lancet (London, England). 2017;390:1654–63. 
https ://doi.org/10.1016/S0140 -6736(17)31607 -0.

 5. Pfaendler KS, Tewari KS. Changing paradigms in the systemic treatment 
of advanced cervical cancer. Am J Obstet Gynecol. 2016;214:22–30. https 
://doi.org/10.1016/j.ajog.2015.07.022.

 6. Elit L, Fyles AW, Devries MC, Oliver TK, Fung-Kee-Fung M. Follow-up for 
women after treatment for cervical cancer: a systematic review. Gynecol 
Oncol. 2010;114:65–9.

 7. Benedet JL, Odicino F, Maisonneuve P, Beller U, Creasman WT, Heintz 
APM, Ngan HYS, Pecorelli S. Carcinoma of the cervix uteri. Int J Gynecol 
Obstet. 2003;83:41–78. https ://doi.org/10.1016/S0020 -7292(03)90115 -9.

 8. Narayan K, Fisher R, Bernshaw D. Significance of tumor volume and 
corpus uteri invasion in cervical cancer patients treated by radiotherapy. 
Int J Gynecol Cancer. 2006;16:623–30.

 9. Kim YB, Kim GE, Pyo HR, Cho NH, Keum KC, Lee CG, Seong J, Suh CO, Park 
TK. Differential cyclooxygenase-2 expression in squamous cell carcinoma 
and adenocarcinoma of the uterine cervix. Int J Radiat Oncol Biol Phys. 
2004;60:822–9. https ://doi.org/10.1016/j.ijrob p.2004.04.030.

 10. Jung YW, Kim SW, Kim S, Kim JH, Cho NH, Kim JW, Kim YT. Prevalence 
and clinical relevance of cyclooxygenase-1 and -2 expression in stage IIB 

https://doi.org/10.1186/s12967-020-02387-9
https://doi.org/10.1186/s12967-020-02387-9
https://doi.org/10.3322/caac.21492
https://doi.org/10.1002/cncr.20734
https://doi.org/10.1002/cncr.20734
https://doi.org/10.1016/j.ijrobp.2004.04.032
https://doi.org/10.1016/S0140-6736(17)31607-0
https://doi.org/10.1016/j.ajog.2015.07.022
https://doi.org/10.1016/j.ajog.2015.07.022
https://doi.org/10.1016/S0020-7292(03)90115-9
https://doi.org/10.1016/j.ijrobp.2004.04.030


Page 12 of 12Li et al. J Transl Med          (2020) 18:223 

cervical adenocarcinoma. Eur J Obstet Gynecol Reprod Biol. 2010;148:62–
6. https ://doi.org/10.1016/j.ejogr b.2009.09.011.

 11. Suzuki Y, Nakano T, Kato S, Ohno T, Tsujii H, Oka K. Immunohistochemical 
study of cell cycle-associated proteins in adenocarcinoma of the uterine 
cervix treated with radiotherapy alone: P53 status has a strong impact on 
prognosis. Int J Radiat Oncol Biol Phys. 2004;60:231–6.

 12. Hashimoto I, Kodama J, Seki N, Hongo A, Yoshinouchi M, Okuda H, Kudo 
T. Vascular endothelial growth factor-C expression and its relationship 
to pelvic lymph node status in invasive cervical cancer. Br J Cancer. 
2001;85:93–7. https ://doi.org/10.1054/bjoc.2001.1846.

 13. Hanprasertpong J, Tungsinmunkong K, Chichareon S, Wootipoom 
V, Geater A, Buhachat R, Boonyapipat S. Correlation of p53 and Ki-67 
(MIB-1) expressions with clinicopathological features and prognosis of 
early stage cervical squamous cell carcinomas. J Obstet Gynaecol Res. 
2010;36:572–80. https ://doi.org/10.1111/j.1447-0756.2010.01227 .x.

 14. Mao X, Qin X, Li L, Zhou J, Zhou M, Li X, Xu Y, Yuan L, Liu QN, Xing H. A 
15-long non-coding RNA signature to improve prognosis prediction of 
cervical squamous cell carcinoma. Gynecol Oncol. 2018;149:181–7. https 
://doi.org/10.1016/j.ygyno .2017.12.011.

 15. Liang B, Li Y, Wang T. A three miRNAs signature predicts survival in cervi-
cal cancer using bioinformatics analysis. Sci Rep. 2017;7:5624. https ://doi.
org/10.1038/s4159 8-017-06032 -2.

 16. Li X, Tian R, Gao H, Yang Y, Williams BRG, Gantier MP, McMillan NAJ, Xu D, 
Hu Y, Gao Y. Identification of a histone family gene signature for predict-
ing the prognosis of cervical cancer patients. Sci Rep. 2017;7:16495. https 
://doi.org/10.1038/s4159 8-017-16472 -5.

 17. Gadducci A, Guerrieri ME, Greco C. Tissue biomarkers as prognostic vari-
ables of cervical cancer. Crit Rev Oncol Hematol. 2013;86:104–29. https ://
doi.org/10.1016/j.critr evonc .2012.09.003.

 18. Lee S, Rose MS, Sahasrabuddhe VV, Zhao R, Duggan MA. Tissue-based 
immunohistochemical biomarker accuracy in the diagnosis of malignant 
glandular lesions of the uterine cervix: a systematic review of the litera-
ture and meta-analysis. Int J Gynecol Pathol. 2017;36:310–22. https ://doi.
org/10.1097/PGP.00000 00000 00034 5.

 19. Bhatla N, Denny L. FIGO Cancer Report 2018. Int J Gynaecol Obstet. 
2018;143:2–3.

 20. Amin MB, Edge S, Greene F, Byrd DR, Brookland RK, Washington MK, 
Gershenwald JE, Compton CC, Hess KR, Sullivan DC, et al. AJCC cancer 
staging manual. New York: Springer; 2017.

 21. Silva TC, Colaprico A, Olsen C, D’Angelo F, Bontempi G, Ceccarelli M, 
Noushmehr H. TCGA workflow: analyze cancer genomics and epigenom-
ics data using Bioconductor packages. F1000research. 2016;5:1542.

 22. Zhang B, Horvath S. A general framework for weighted gene co-expres-
sion network analysis. Stat Appl Genet Mol Biol. 2005;4:Article17. https ://
doi.org/10.2202/1544-6115.1128.

 23. Kadarmideen HN, Watsonhaigh NS. Building gene co-expression 
networks using transcriptomics data for systems biology investiga-
tions: comparison of methods using microarray data. Bioinformation. 
2012;8:855–61.

 24. Giulietti M, Occhipinti G, Principato G, Piva F. Weighted gene co-expres-
sion network analysis reveals key genes involved in pancreatic ductal 
adenocarcinoma development. Cell Oncol (Dordr). 2016;39:379–88. https 
://doi.org/10.1007/s1340 2-016-0283-7.

 25. Ye Y, Guo J, Xiao P, Ning J, Zhang R, Liu P, Yu W, Xu L, Zhao Y, Yu J. Mac-
rophages-induced long noncoding RNA H19 up-regulation triggers and 
activates the miR-193b/MAPK1 axis and promotes cell aggressiveness in 
hepatocellular carcinoma. Cancer Lett. 2019;469:310–22.

 26. Wu H, Chen S, Yu J, Li Y, Zhang X-Y, Yang L, Zhang H, Hou Q, Jiang M, 
Brunicardi FC, et al. Single-cell transcriptome analyses reveal molecular 
signals to intrinsic and acquired paclitaxel resistance in esophageal 
squamous cancer cells. Cancer Lett. 2018;420:156–67.

 27. Gui J, Li H. Penalized Cox regression analysis in the high-dimensional and 
low-sample size settings, with applications to microarray gene expression 
data. Bioinformatics (Oxford, England). 2005;21:3001–8.

 28. Waldmann P, Meszaros G, Gredler B, Fuerst C, Solkner J. Evaluation of 
the lasso and the elastic net in genome-wide association studies. Front 
Genet. 2013;4:270. https ://doi.org/10.3389/fgene .2013.00270 .

 29. Friedman JH, Hastie T, Tibshirani R. Regularization paths for generalized 
linear models via coordinate descent. J Stat Softw. 2010;33:22. https ://doi.
org/10.18637 /jss.v033.i01.

 30. Tomoyuki O, Yoshiyuki K. Cross validation in LASSO and its acceleration. J 
Stat Mech Theory Exp. 2016;2016:053304.

 31. Mao Y, Dong L, Zheng Y, Dong J, Li X. Prediction of recurrence in cervical 
cancer using a nine-lncRNA signature. Front Genet. 2019;10:284. https ://
doi.org/10.3389/fgene .2019.00284 .

 32. Shen L, Yu H, Liu M, Wei D, Liu W, Li C, Chang Q. A ten-long non-coding 
RNA signature for predicting prognosis of patients with cervical cancer. 
Onco Targets Ther. 2018;11:6317–26. https ://doi.org/10.2147/ott.s1750 57.

 33. Zhao G, Fu Y, Su Z, Wu R. How long non-coding RNAs and MicroRNAs 
mediate the endogenous RNA network of head and neck squamous cell 
carcinoma: a comprehensive analysis. Cell Physiol Biochem. 2018;50:332–
41. https ://doi.org/10.1159/00049 4009.

 34. Xu W, Rao Q, An Y, Li M, Zhang Z. Identification of biomarkers for Bar-
celona Clinic Liver Cancer staging and overall survival of patients with 
hepatocellular carcinoma. PLoS ONE. 2018;13:e0202763. https ://doi.
org/10.1371/journ al.pone.02027 63.

 35. Chen J, Wang X, Hu B, He Y, Qian X, Wang W. Candidate genes in gastric 
cancer identified by constructing a weighted gene co-expression net-
work. PeerJ. 2018;6:e4692. https ://doi.org/10.7717/peerj .4692.

 36. Lee YY, Kim TJ, Kim JY, Choi CH, Do IG, Song SY, Sohn I, Jung SH, Bae DS, 
Lee JW, Kim BG. Genetic profiling to predict recurrence of early cervical 
cancer. Gynecol Oncol. 2013;131:650–4. https ://doi.org/10.1016/j.ygyno 
.2013.10.003.

 37. Li X, Tian R, Gao H, Yan F, Ying L, Yang Y, Yang P, Gao Y. Identification of 
significant gene signatures and prognostic biomarkers for patients with 
cervical cancer by integrated bioinformatic methods. Technol Cancer Res 
Treat. 2018;17:1533033818767455. https ://doi.org/10.1177/15330 33818 
76745 5.

 38. Li J, Peters PJ, Bai M, Dai J, Bos E, Kirchhausen T, Kandror KV, Hsu VW. An 
ACAP1-containing clathrin coat complex for endocytic recycling. J Cell 
Biol. 2007;178:453–64. https ://doi.org/10.1083/jcb.20060 8033.

 39. Dai J, Li J, Bos E, Porcionatto M, Premont RT, Bourgoin S, Peters PJ, Hsu 
VW. ACAP1 promotes endocytic recycling by recognizing recycling 
sorting signals. Dev Cell. 2004;7:771–6. https ://doi.org/10.1016/j.devce 
l.2004.10.002.

 40. Li J, Ballif BA, Powelka AM, Dai J, Gygi SP, Hsu VW. Phosphorylation of 
ACAP1 by Akt regulates the stimulation-dependent recycling of integrin 
beta1 to control cell migration. Dev Cell. 2005;9:663–73. https ://doi.
org/10.1016/j.devce l.2005.09.012.

 41. Jackson TR, Brown FD, Nie Z, Miura K, Foroni L, Sun J, Hsu VW, Donaldson 
JG, Randazzo PA. ACAPs are arf6 GTPase-activating proteins that function 
in the cell periphery. J Cell Biol. 2000;151:627–38. https ://doi.org/10.1083/
jcb.151.3.627.

 42. Hashimoto S, Onodera Y, Hashimoto A, Tanaka M, Hamaguchi M, Yamada 
A, Sabe H. Requirement for Arf6 in breast cancer invasive activities. Proc 
Natl Acad Sci. 2004;101:6647–52.

 43. Zhang B, Gu F, She C, Guo H, Li W, Niu R, Fu L, Zhang N, Ma Y. Reduc-
tion of Akt2 inhibits migration and invasion of glioma cells. Int J Cancer. 
2009;125:585–95. https ://doi.org/10.1002/ijc.24314 .

 44. Zhang X, Zhuang H, Han F, Shao X, Liu Y, Ma X, Wang Z, Qiang Z, Li Y. Sp1-
regulated transcription of RasGRP1 promotes hepatocellular carcinoma 
(HCC) proliferation. Liver Int. 2018;38:2006–17. https ://doi.org/10.1111/
liv.13757 .

 45. Ding H, Peterson KL, Correia C, Koh B, Schneider PA, Nowakowski GS, 
Kaufmann SH. Histone deacetylase inhibitors interrupt HSP90*RASGRP1 
and HSP90*CRAF interactions to upregulate BIM and circumvent drug 
resistance in lymphoma cells. Leukemia. 2017;31:1593–602. https ://doi.
org/10.1038/leu.2016.357.

 46. Depeille P, Henricks LM, van de Ven RA, Lemmens E, Wang CY, Matli M, 
Werb Z, Haigis KM, Donner D, Warren R, Roose JP. RasGRP1 opposes 
proliferative EGFR-SOS1-Ras signals and restricts intestinal epithelial cell 
growth. Nat Cell Biol. 2015;17:804–15. https ://doi.org/10.1038/ncb31 75.

 47. Wang S, Beeghly-Fadiel A, Cai Q, Cai H, Guo X, Shi L, Wu J, Ye F, Qiu Q, 
Zheng Y, et al. Gene expression in triple-negative breast cancer in rela-
tion to survival. Breast Cancer Res Treat. 2018;171:199–207. https ://doi.
org/10.1007/s1054 9-018-4816-9.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1016/j.ejogrb.2009.09.011
https://doi.org/10.1054/bjoc.2001.1846
https://doi.org/10.1111/j.1447-0756.2010.01227.x
https://doi.org/10.1016/j.ygyno.2017.12.011
https://doi.org/10.1016/j.ygyno.2017.12.011
https://doi.org/10.1038/s41598-017-06032-2
https://doi.org/10.1038/s41598-017-06032-2
https://doi.org/10.1038/s41598-017-16472-5
https://doi.org/10.1038/s41598-017-16472-5
https://doi.org/10.1016/j.critrevonc.2012.09.003
https://doi.org/10.1016/j.critrevonc.2012.09.003
https://doi.org/10.1097/PGP.0000000000000345
https://doi.org/10.1097/PGP.0000000000000345
https://doi.org/10.2202/1544-6115.1128
https://doi.org/10.2202/1544-6115.1128
https://doi.org/10.1007/s13402-016-0283-7
https://doi.org/10.1007/s13402-016-0283-7
https://doi.org/10.3389/fgene.2013.00270
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.3389/fgene.2019.00284
https://doi.org/10.3389/fgene.2019.00284
https://doi.org/10.2147/ott.s175057
https://doi.org/10.1159/000494009
https://doi.org/10.1371/journal.pone.0202763
https://doi.org/10.1371/journal.pone.0202763
https://doi.org/10.7717/peerj.4692
https://doi.org/10.1016/j.ygyno.2013.10.003
https://doi.org/10.1016/j.ygyno.2013.10.003
https://doi.org/10.1177/1533033818767455
https://doi.org/10.1177/1533033818767455
https://doi.org/10.1083/jcb.200608033
https://doi.org/10.1016/j.devcel.2004.10.002
https://doi.org/10.1016/j.devcel.2004.10.002
https://doi.org/10.1016/j.devcel.2005.09.012
https://doi.org/10.1016/j.devcel.2005.09.012
https://doi.org/10.1083/jcb.151.3.627
https://doi.org/10.1083/jcb.151.3.627
https://doi.org/10.1002/ijc.24314
https://doi.org/10.1111/liv.13757
https://doi.org/10.1111/liv.13757
https://doi.org/10.1038/leu.2016.357
https://doi.org/10.1038/leu.2016.357
https://doi.org/10.1038/ncb3175
https://doi.org/10.1007/s10549-018-4816-9
https://doi.org/10.1007/s10549-018-4816-9

	A prognostic nomogram integrating novel biomarkers identified by machine learning for cervical squamous cell carcinoma
	Abstract 
	Background: 
	Methods and materials: 
	Results: 
	Conclusion: 

	Background
	Methods and materials
	Patients and clinical data
	Clinical samples and RNA sequencing
	Weighted gene co-expression network analysis
	Least absolute shrinkage and selection operator
	Statistical analysis and graphics

	Results
	Cohort characteristics
	Weighted gene co-expression networks
	Construction of prognostic classifier by LASSO
	Validation of the risk score predictor for prognosis
	Cox proportional hazards regression model
	Construction and calibration of the nomogram for PFS

	Discussion
	Acknowledgements
	References




