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Abstract. There are no reliable criteria to assess risk of 
progression of non-muscle invasive bladder cancer to 
muscle invasive bladder cancer. The aim of the present 
study was to identify potential markers based on gene 
expression profiling to improve predictive power of disease 
progression and prognosis in patients with bladder cancer. 
In the present study, we screened seventy-three differen-
tially expressed genes by analyzing bladder cancer samples 
with or without progression. Forty-seven prognosis-related 
genes were screened, 13 of which were identified to build 
a progression-associated gene signature using the LASSO 
regression method. Based on this 13-mRNA signature, 
patients were divided into high- and low-risk groups, with 
different prognostic outcomes. The gene signature was an 
independent prognostic factor for overall survival. Receiver 
operating characteristic analysis suggested that the signature 
performed well in the validation cohort and its predictive 
power outperformed other several published signatures. 
CTHRC1, MMP11, AEBP1, SNCAIP, COL1A1 and S100A8 
were identified as hub genes and their expression levels 
were detected using reverse transcriptase-quantitative 
polymerase chain reaction. The expression of CTHRC1 
was elevated in aggressive bladder cancer compared with 
non-invasive type, which suggests CTHRC1 may be a valu-
able biomarker for prediction of prognosis and progression 
of bladder cancer. Collectively, this 13-mRNA signature 
may be useful in predicting disease progression and prog-
nosis, thereby contributing to individualized management 
of patients with bladder cancer.

Introduction

Bladder cancer is the tenth most commonly diagnosed carci-
noma, with an estimated 549,000 new cases and 200,000 deaths 
reported globally in 2018 (1). Approximately 75% newly 
diagnosed cases present with disease confined to the mucosa, 
namely non-muscle invasive bladder cancer (NMIBC), with 
a favorable long-term survival but a higher relapse rate after 
transurethral resection of bladder tumor (TURBT) and intra-
vesical therapy. However, 10-15% of patients with NMIBC 
still suffer from disease progression to the deadlier muscle 
invasive bladder cancer (MIBC), the 5-year survival of which 
is often <50% (2-4). The undesirable outcome of bladder 
cancer is partly due to inadequate knowledge of the biological 
mechanisms of disease recurrence and progression. Thus, 
identification and development of novel molecular biomarkers 
based on genomic profiling are needed for predicting disease 
progression and improving prognosis of patients diagnosed as 
bladder cancer at a very early stage.

Rapidly emerging high-throughput sequencing technology 
has revealed genomic profiling and epigenetic alternations 
of diseases, which have provided significant insight into the 
molecular characteristics of various human cancers. Since 
the progressive accumulation of epigenetic variations can 
drive the tumorigenesis and development of bladder cancer, 
a genetic disorder, a series of array-based gene signatures has 
been established to better predict the risk of recurrence and 
progression and distinguish the prognosis of patients with 
bladder cancer beyond clinicopathologic parameters (5-7). 
However, few studies have focused on disease progression 
and prognosis of patients with NMIBC simultaneously. 
Establishing related gene markers is of great significance for 
clinical decision-makers in diagnosis and treatment selection.

In the present study, we aimed to explore and establish a 
multigene signature for predicting the risk of muscle invasion 
and survival prognosis in patients with bladder cancer by 
analyzing the transcriptome profiles using the Gene Expression 
Omnibus (GEO) data. A robust 13-mRNA signature was 
constructed with the use of univariate Cox regression analysis 
and the Least Absolute Shrinkage and Selection Operator 
logistic regression method (LASSO). The diagnostic and 
prognostic value of this mRNA-based risk score model was 
further validated using an independent microarray of GEO as 

Identification of a 13‑mRNA signature for predicting disease 
progression and prognosis in patients with bladder cancer

HUBIN YIN1,2,4*,  CHEN ZHANG3,4*,  XIN GOU1,  WEIYANG HE1  and  DAOJU GAN1

1Department of Urology, 2Chongqing Key Laboratory of Molecular Oncology and Epigenetics,  
3Department of Obstetrics and 4The Central Laboratory, The First Affiliated Hospital 

of Chongqing Medical University, Chongqing 400016, P.R. China

Received June 5, 2019;  Accepted November 8, 2019

DOI: 10.3892/or.2019.7429

Correspondence to: Dr Daoju Gan, Department of Urology, The 
First Affiliated Hospital of Chongqing Medical University, 1 Youyi 
Road, Chongqing 400016, P.R. China
E-mail: daoju1973@sina.com

*Contributed equally

Key words: bladder cancer, mRNA signature, progression, prognosis, 
gene set enrichment analysis, nomogram



YIN et al:  A GENE SIGNATURE PREDICTS PROGNOSIS IN BLADDER CANCER380

well as The Cancer Genome Atlas (TCGA) cohort. In addition, 
to better assess its clinical significance, we also constructed a 
predictive nomogram with other clinicopathologic factors and 
compared the performance between the 13-gene model and 
other published biomarkers regarding prediction of progres-
sion to MIBC. Gene set enrichment analysis (GSEA) was later 
performed to identify underlying biological functions and 
molecular mechanisms associated with the occurrence and 
development of bladder cancer. Finally, hub genes identified 
from the co-expression network of the 13 genes were detected 
using experimental reverse transcriptase-quantitative poly-
merase chain reaction (RT-qPCR), and we found that CTHRC1 
may be a novel potential biomarker in the prediction of the 
progression and survival of patients with bladder cancer.

Materials and methods

Data collection. The mRNA expression profile matrix files of 
GSE13507 and GSE120736 were downloaded from the GEO 
database (https://www.ncbi.nlm.nih.gov/geo/). GSE13507 
performed on the platform of Illumina human-6 v2.0 expres-
sion beadchip contained 68 normal bladder tissues and 188 
bladder cancer tissues (8). GSE120736 calculated on the 
platform of Illumina HumanHT-12 V4.0 expression beadchip 
contained 145 bladder cancer tissues. Only progression-free 
and recurrence-free primary NMIBC and those with NMIBC 
with progression were enrolled in our study; thus 98 samples 
from GSE13507 (67 non-progressive and 31 progressive) 
and 83 samples from GSE120736 (67 non-progressive and 
16 progressive) were selected for further analysis.

The mRNA sequencing expression profile and clinical data 
of patients with bladder cancer were obtained from the Cancer 
Genome Atlas (TCGA) data portal (https://gdc-portal.nci.nih.
gov/). The inclusion criteria were set as follows: i) Diagnosis 
of bladder cancer; ii) the samples were recorded with complete 
RNAseq data; iii) the samples were recorded with detailed 
clinicopathological data including pathological stage, grade, 
overall survival (OS), recurrence-free survival (RFS) and 
corresponding follow-up time information. In total, 279 cases 
of bladder cancer were included for further study. In addition, 
our research follows the access rules and publication guide-
lines of TCGA.

Preprocessing of microarray data and differentially expressed 
mRNA screening. Raw microarray datasets from GEO database 
were normalized using Robust Multichip Average (RMA) and 
transformed to Log2 pattern for processed signals. Probes were 
annotated by using the Affymetrix annotation files (9). Then, 
the differentially expressed genes (DEGs) between primary 
NMIBC and progressive NMIBC specimens from training set 
(GSE13507) were screened with the use of DESeq R package. 
When adjusted P-value <0.05 and |Log2 (FC)|>1, the genes 
were regarded as DEGs, the expression profiles of which are 
listed in Table SI.

Development and validation of the gene signature. Univariate 
Cox regression analysis was utilized to investigate the prog-
nosis‑related DEGs. The gene was considered significant when 
P‑value <0.05, and 47 candidates qualified, through which 
the LASSO Cox regression was employed to build mRNAs 

signature model for prediction of disease progression and 
prognosis. The optimal value of the penalty parameter λ was 
determined via 10-times cross-validations. 13-mRNA model 
was then constructed based on the optimal λ value and the 
risk score for each patient was calculated according to the 
expression of genes and corresponding weighted coefficient. 
The samples in each cohort were classified into a high‑risk 
group and low-risk group based on the optimum cut-off value 
determined using the X-tile software (version 3.6.1, Yale 
University).

Construction of predictive nomogram. The predictive nomo-
gram based on mRNAs signature and clinical related factors 
was plotted using ‘rms’ package of R software (version 3.5.1). 
Calibration curve was plotted to assess the performance of 
the nomogram. In the calibration graph, nomogram-predicted 
progression and observed outcome were presented on the 
x-axis and y-axis, respectively; the 45-degree dotted line indi-
cated the ideal prediction.

Gene set enrichment analysis (GSEA). To identify 
13 mRNAs-related biological processes and pathways, GSEA 
was performed using TCGA dataset including 279 patients 
with bladder cancer divided into high- and low-risk groups 
according to the cut-off value, and executed using GSEA soft-
ware 3.0 from the Broad Institute (10). The Hallmark gene sets 
(h.all.v6.1.symbols.gmt) representing specific well-defined 
biological processes and the gene sets of canonical path-
ways (c2.all.v6.0.symbols.gmt) were obtained from the 
Molecular Signatures Database (http://software.broadinstitute.
org/gsea/msigdb/index.jsp). Gene set permutations were 
performed 1,000 times for each analysis to obtain normalized 
enrichment score (NES) used for sorting pathways enriched 
in each phenotype. A result was regarded as significant when 
nominal P-value <0.05 and false discovery rate (FDR)<0.2.

Proteins network construction. Analysis of 13 gene-related 
networks was performed using GeneMANIA (http://www.gene-
mania.org/), a website-based database and tool for predicting 
interactions and functions of genes and gene sets on the basis 
of multiple networks (11). To screen hub genes in regulatory 
network, node degree and betweenness were considered for 
analysis of protein-protein interaction from a Cytoscape 
plugin. The interaction networks for the gene signature were 
rebuilt and visualized by Cytoscape (ver. 3.5.1).

Collection of clinical samples. Twelve NMIBC tissues and 
12 MIBC tissues were collected from patients diagnosed as 
primary bladder cancer between September, 2017 and October, 
2018 in the Department of Urology of the First Affiliated 
Hospital of Chongqing Medical University. Once we obtained 
the specimens, they were frozen and stored at ‑80̊C until used 
for RNA extraction. However, another 49 paraffin sections 
of bladder cancer (including 34 MIBC and 15 NMIBC 
tissues) were obtained from the Department of Pathology of 
Chongqing Medical University (specimens were collected 
from January, 2015 to December, 2017) for detection of 
proteins by immunohistochemistry assay. Notably, there was 
no cross-over between the two groups of patients. The study 
was approved by the Ethics Committees of the First Affiliated 
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Hospital of Chongqing Medical University and informed 
consent was obtained from each patient involved.

RNA isolation and reverse transcriptase‑quantitative poly‑
merase chain reaction (RT‑qPCR). Total RNA was extracted 
from bladder cancer tissues using TRIzol reagent (Invitrogen; 
Thermo Fisher Scientific, Inc.,) according to the manufacturer's 
instructions. Complementary DNA (cDNA) was synthesized 
using 1 µg of total RNA and the PrimeScript RT reagent kit 
(Takara). RT-qPCR was performed using SYBR-Green assay 
(Takara) and executed by ABI 7500 Real-Time PCR system 
(Applied Biosystems). Gene expression was normalized to 
β-actin. Primers used for mRNAs (Invitrogen; Thermo Fisher 
Scientific, Inc.,) are summarized in Table SII. Relative quanti-
fication values of mRNAs were calculated with the use of the 
2-ΔΔCq method (12). In addition, bladder cancer cells were also 
used for the isolation of RNA for RT-qPCR.

Immunohistochemistry (IHC). The protocol of immunohis-
tochemical staining was as previously described (13). Briefly, 
sections of formalin‑fixed paraffin‑embedded (FFPE) were 
deparaffinized and rehydrated, immersed in sodium citrate 
buffer for antigen retrieval, incubated with 3% H2O2 to remove 
endogenous peroxidase activity, blocked with normal goat 
serum, incubated with anti‑CTHRC1 (Abcam, ab85739) at 4̊C 
overnight, incubated with biotinylated goat anti-mouse IgG 
and streptavidin-biotin-conjugated horseradish peroxidase 
(HRP) at 37̊C. Then signals were visualized using a diami-
nobenzidine kit (ZSGB-BIO) and slides were counterstained 
with hematoxylin. The IHC scores were assessed by two 
experienced pathologists and calculated based on the staining 
intensity and extent; the score criterion was described specifi-
cally in previous study (13).

Cell culture. Human bladder cancer cell lines (5637 and 
TCCSUP) were purchased from the American Type Culture 
Collection (ATCC). The 5637 and TCCSUP cells were 
cultured in RPMI-1640 medium (Corning) with 10% fetal 
bovine serum (FBS), 100 mg/ml penicillin and 100 mg/ml 
streptomycin at 37̊C in 5% CO2.

Cell transfection. Transfections were performed using 
Lipofectamine 2000 (Invitrogen; Thermo Fisher Scientific, 
Inc.,) according to the manufacturer's protocol. The 5637 
and TCCSUP cells were seeded in 6-well plates at density of 
1x106 cells/well and cultured at 37˚C with 5% CO2 for 24 h. 
Cells were transfected with CTHRC1 siRNAs (siRNA-1: 
Sense, 5'-GCC AAU GGC AUU CCG GGU ATT-3'; Antisense, 
5'-UAC CCG GAA UGC CAU UGG CTT-3'. siRNA-2: Sense, 
5'-CCU CUU CCC AUU GAA GCU ATT-3'; Antisense, 5'-UAG 
CUU CAA UGG GAA CAG GTT-3'.) or negative control siRNA 
(Sense, 5'-UUC UCC GAA CGU GUC ACG UTT-3'; Antisense, 
5'-ACG UGA CAC GUU CGG AGA ATT-3') (GenePharma Inc.) at 
a concentration of 50 nM for 4 h. After 48 h, the treated cells 
were collected for subsequent experiments.

Cell migration assay. Cell migration assay was detected 
using Transwell chambers (Corning Inc.). After transfection 
with siRNA for 48 h, 5637 and TCCSUP cells were digested 
with trypsin and suspended (5x105 cells/ml) with serum-free 

RPMI-1640 medium. Cell suspension (200 µl) was added 
to the upper chamber, and 700 µl RPMI-1640 medium 
containing 10% FBS was added to the lower chamber. After 
48 h, the migrated cells were fixed with 4% paraformaldehyde 
and stained with 0.1% crystal violet for 15 min each at room 
temperature. Subsequently, the cells from five random fields 
were counted under a microscope (x100 magnification; Leica 
Microsystems GmbH).

Statistical analysis. Statistical analyses were carried out using 
R software (version 3.5.1), SPSS software (version 22; SPSS 
Inc.) and Graphpad 5.0. LASSO Cox regression analysis was 
conducted in the discovery dataset using the ‘glmnet’ package. 
Comparisons between the two groups were examined using 
the two-tailed Student's t-test. The prediction accuracy of 
the model was analyzed by receiver operating characteristic 
(ROC) or time-dependent ROC and evaluated by area under 
curve (AUC). The survival difference between high- and 
low-risk groups was assessed by the Kaplan-Meier curve and 
compared by the log‑rank test. The prognosis significance of 
mRNA-based signature was analyzed by univariate and multi-
variate Cox proportional hazard regression model. One-way 
analysis of variance (ANOVA) was used for comparisons 
among multiple groups, followed by the Newman-Keuls 
post hoc test. P<0.05 was regarded as statistically significant.

Results

Preparation of bladder cancer datasets. Two gene expression 
datasets (GSE13507 and GSE120736) with disease progres-
sion information about patients with NMIBC were screened 
for establishing and validation of the model after a thorough 
search of the GEO database. A total of 279 cases of bladder 
cancer samples with complete survival data were downloaded 
from TCGA database for prognostic verification. The baseline 
data of these cohorts are summarized in Table I.

Development of a 13‑mRNA‑based classifier. A detailed 
flow‑chart of the procedure of analysis is depicted in Fig. 1 
to aid in better understanding the study. GSE13507 dataset 
(with 67 patients with confined NMIBC and 31 patients 
with progressive NMIBC) was used to construct the 
training cohort, the samples in which were divided into a 
non-progressive group and a progressive group. Seventy-three 
differentially expressed mRNAs were found between the two 
groups (Fig. 2A), including 24 downregulated mRNAs and 49 
overexpressed mRNAs (Table SI). Among them we conducted 
univariate Cox regression to investigate the prognosis-related 
genes and identified 47 genes, which were significantly related 
to survival for further analysis (P<0.05) (Table SIII).

LASSO regression model was utilized to develop 
progression-related gene signatures and 13 of the 47 genes 
were selected in the training dataset (Fig. 2B). Risk score 
for each patient was accumulated based on the expres-
sion levels of the 13 mRNAs and corresponding weighted 
coefficients: Risk score=(0.17027* expression level of 
S100A8)+(0.06678* expression level of CTHRC1)+(0.10548* 
expression level of C15orf48)+(-0.16639* expression level of 
MPPED2)+(0.25600* expression level of CKAP2L)+(0.17159* 
expression level of SNCAIP)+(0.06363* expression level of 
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SALL4)+(0.01503* expression level of MMP11)+(0.00057* 
expression level of COL1A1)+(0.22674* expression level of 
AEBP1)+(-0.08764* expression level of C10orf99)+(0.22416* 
expression level of KIF1A)+(-0.00367* expression level of 
ALDH1L1).

The optimum cut‑off value of the mRNA classifier was 
determined as 3.3 according to the X-tile diagrams (Fig. 2C). 
We classified patients in the training dataset into high‑ and 
low-risk groups based on the established optimum cut-off 
point. The distribution of adjusted risk score (risk score minus 
cut-off value) for each patient is shown in Fig. 3A and B, 
which suggests that patients in the high-risk group (above 
the x-axis) had a higher possibility of disease progression 
and poorer survival than those in the low-risk group (below 
the x-axis). Kaplan-Meier survival curves demonstrated that 
the two groups had significantly different progression‑free 
survival (PFS) time [hazard ratio (HR)=91.66, 95% confi-
dence interval (CI)=34.41-244.2, P<0.001; Fig. 3C] and overall 
survival time (HR=11.42, 95% CI=4.94-26.38, P<0.001; 
Fig. 3D). Time-dependent ROC analysis indicated that the 
areas under the curve (AUCs) at 3- and 5-year were 0.938 
and 0.9 for PFS (Fig. 3E) and 0.8 and 0.739 for OS (Fig. 3F), 
respectively.

Performance of the 13‑mRNA signature in the validation 
dataset. To further confirm the predictive value of the 
13-mRNA signature in different datasets, we employed 
another qualified GEO microarray (GSE120736). A total 
of 83 patients in the validation cohort were divided into 
a high-risk group [n=16 (19.3%)] and a low-risk group 
[(n=67 (80.7%)] based on the same risk score model and 
cut‑off point. Consistent with the findings described before, 
the proportion of disease progression of patients in the 
low‑risk group was significantly lower than that of patients in 
the high-risk group (Fig. 4A). In Fig. 4B, The AUC in the ROC 
analyses for the 13-mRNA signature and grade were statisti-
cally significant (AUC=0.8581, 95% CI=0.760‑0.957; P<0.001; 
and AUC=0.761, 95% CI=0.658-0.864; P=0.001, respectively).

Additionally, the prognostic value of the 13-mRNA 
classifier was further tested in TCGA cohort. Based on the 
established cut-off point above, 146 (52.3%) patients were 
divided into the high-risk group, and 133 (47.7%) were in the 
low-risk group. The distribution of each patient's risk score, 
survival status, recurrence status, and expression profiles 
of the 13 genes were ranked and are shown in Fig. 5A. 
Kaplan-Meier curves showed that patients with high-risk 
scores had higher mortality and recurrence rates than patients 
with low-risk scores (OS: HR=1.89, 95% CI=1.23-2.90, 
P=0.004; RFS: HR=1.71, 95% CI=1.05-2.76, P=0.030; 
Fig. 5B and C). We next stratified the patients into different 
subgroups according to the American Joint Committee on 
Cancer (AJCC) stage (stage I-II versus stage III-IV), age 
(≤65 vs. >65 years) and tumor subtypes (papillary versus 
non-papillary). Prognosis of patients in the high-risk group 
was evidently worse than that in the low-risk group in 
stage I-II subgroup (HR=3.89; 95% CI=1.62-9.35, P=0.002) 
but not in the stage III-IV group (Fig. 5D). High-risk scores 
suggested a poor prognosis in the elderly subgroup (HR=1.76; 
95% CI=1.09-2.85, P=0.020) but not in the young group 
(Fig. 5E), and predicted an unfavorable outcome in patients 

in the papillary subgroup (HR=3.92; 95% CI=1.39-11.07, 
P=0.010) but not in the non-papillary subgroup (Fig. 5F). 
Moreover, the prognostic value of the 13-mRNA signature 
combined with clinical factors was further analyzed by 
univariate and multivariate Cox regression. As shown 
in Table II, age, lymph-vascular invasion (LVI), and 
13‑mRNA‑based risk score significantly correlated with OS 
even when adjusted for other covariates.

Establishment of a nomogram to predict progression of 
NMIBC. To provide a clinically practical method for clinicians 
to predict the risk of progression in patients with NMIBC, 
a nomogram was developed by integrating the 13-mRNA 
signature and other clinical factors including sex and grade 

Table I. Summary of baseline characteristics of patients with 
bladder cancer in the three datasets.

 GSE13507 GSE120736 TCGA
Characteristic (n=98) (n=83) (n=279)

Age   
  ≤65 42 N/A 171
  >65 56 N/A 108
Sex   
  Male 82 71 213
  Female 16 12   66
Grade   
  Low 69 35   15
  High 29 48 262
  Unkown   0   0     2
Tumor stage   
  Ta 20 34     2
  T1 58 33     2
  T2 7   5 107
  T3-4 13 11 164
  Tx   0   0     4
Lymph node stage   
  N0 94 N/A 202
  N1-3   3 N/A   75
  Nx   1 N/A     2
Progression   
  No 67 67 N/A
  Yes 31 16 N/A
Recurrence   
  No 67 67 212
  Yes 31 16     67
Survival status   
  Alive 54 N/A 194
  Deceased 44 N/A   85
Mean follow-up time 51.9 N/A 24.9
(month)

N/A, not applicable.
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that were available both in GSE13507 and GSE120736 
datasets (Fig. 6A). In comparison to the ideal model, the 
calibration plots for 3- and 5-year PFS were predicted well 
in the training dataset (Fig. 6B), and the performance of the 
nomogram on prediction accuracy was also excellent in the 
validation dataset (Fig. 6C). Time-dependent ROC curves 
indicated that the AUCs at 3- and 5-year were 0.929 and 0.88 
for the nomogram in the training dataset (Fig. 6D). ROC 
analysis showed a 0.903 of AUC for the nomogram in the 
validation dataset (Fig. 6E).

Comparison of the 13‑mRNA signature with other progres‑
sion‑related biomarkers for NMIBC. Several studies have 
attempted to develop biomarkers for predicting disease 
progression in NMIBC during the past couple of years. We 
compared the diagnostic efficacy of the 13-gene classifier 
to that of other published biomarkers in the GSE13507 and 
GSE120736 cohorts to comprehensively evaluate the model's 
practical applicability. The published biomarkers included 
mRNA signatures and single genes, including a 5-gene signa-
ture to predict progression in T1G3 bladder cancer (14), a 

Figure 1. Overall workflow diagram for the development and validation of prognosis‑related mRNA signature.

Table II. Univariate and multivariate Cox regression analysis for overall survival of patients with bladder cancer.

 Univariate analysis Multivariate analysis
 -------------------------------------------------------------------- -------------------------------------------------------------------
Variates HR (95% CI) P-value HR (95% CI) P-value

Age (≥65 vs. ≤65) 3.23 (1.85‑5.65) <0.001c 4.57 (1.72-12.11) 0.002b

Sex (male vs. female) 1.21 (0.72-2.05) 0.465 — —
Subtype (non-papillary vs. papillary) 1.60 (0.94-2.72) 0.086 — —
LVI (yes vs. no) 2.47 (1.45-4.23) 0.001b 2.45 (1.19-5.07) 0.016a

pT stage (T3-4 vs. T1-2) 1.89 (1.17-3.06) 0.01a — — 0.909
pN stage (N1-3 vs. N0) 2.18 (1.41-3.37) <0.001c 1.08 (0.46-2.50) 0.863
pM stage (M1 vs. M0) 4.12 (1.64-10.38) 0.003b 3.23 (0.38-27.46) 0.283
AJCC stage (III-IV vs. I-II) 1.81 (1.10-2.96) 0.019a — — 0.909
13-mRNA signature (high vs. low) 3.40 (1.47-7.87) 0.004b 5.23 (1.14-24.06) 0.034a

The ‘—’ indicates that there is no information of patients in this cohort. The ‘——’ indicates that the value is not available. aP<0.05, bP<0.01, 
cP<0.001. HR, hazards ratio; CI, confidence interval; LVI, lymphovascular invasion.
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prognostic model based on a 12-gene progression score (15), 
and FOXM1 (16), HYAL‑1 (17) and STAG2 (18) that were used 
for prediction of recurrence or progression in NMIBC.

The AUC and P-value for each possible signature or 
biomarker were calculated using the corresponding weighted 
formula algorithms. As shown in Fig. 7 and Table III, the 
13-mRNA signature had a favorable performance in the two 
independent datasets, with an AUC of 0.905 in GSE13507 and 
0.857 in GSE120736. Similar performance was observed in 
the 12-gene progression score model, with an AUC of 0.827 

in GSE13507 and 0.902 in GSE120736. However, the 5-gene 
classifier exhibited inadequate performance, with an AUC 
of 0.689 in GSE13507 and 0.811 in GSE120736. In terms of the 
predictive value of several independent biomarkers in NMIBC 
progression, the diagnostic performance of FOXM1 was better 
than that of HYAL‑1 and STAG2 in the two cohorts.

Analysis of biological processes and signaling pathways. 
To identify dysregulated biological states and signaling 
pathways involved in the development of bladder cancer, 

Figure 2. Identification and construction of NMIBC progression‑related 13‑mRNA classifier. (A) The heat map of the expression levels of 73 differentially 
expressed genes in the training dataset. (B) LASSO coefficient profiles of the 47 prognosis‑associated mRNAs. Ten‑time cross‑validation was exhibited for 
tuning parameter selection and a vertical line was drawn at the value of the minimal λ used for establishment of 13‑mRNA classifier. (C) The optimum cut‑off 
value of the gene signature based risk scores was produced using the X-tile program in the GSE13507 training cohort. Red shows inverse association, while 
green indicates direct association between risk score and progression-free survival.
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GSEA was conducted with the use of 279 cases of subjects 
from TCGA cohort that were classified into a high‑risk group 
[n=146 (52.3%)] and a low-risk group [n=133 (47.7%)] based 
on the established cut-off value. Gene sets were considered 
significantly enriched on the basis of NES, nominal P‑value 
and FDR q-value. GSEA results showed that several canonical 
pathways, such as ‘chemokine signaling pathway’, ‘foxm1 
pathway’, ‘collagen formation’ and ‘extracellular matrix 
organization’ that are involved in extracellular signal trans-
duction, were highly enriched in the high-risk phenotype 
(Fig. 8A-D). Additionally, gene sets of ‘Hallmark’ involving 
‘epithelial mesenchymal transition’, ‘inflammatory response’, 
‘IL6-JAK-STAT3 signaling’ and ‘G2M checkpoint’ that are 

associated with biological processes of cancers were also 
enriched in the high-risk group (Fig. 9A-D).

Identification and experimental validation of hub genes in 
the 13‑mRNA signature. A gene regulatory network was 
established by GeneMANIA and visualized using Cytoscape 
software (ver. 3.5.1) to determine the interrelationships 
between the 13 genes related to progression and prognosis. The 
interaction network consisted of 33 genes, including 13 identi-
fied target genes and 20 additional genes spontaneously pulled 
by GeneMANIA (Fig. 10). The hub genes identified with the 
top six-node degree and betweenness were CTHRC1, MMP11, 
AEBP1, SNCAIP, COL1A1, and S100A8. We then measured 

Figure 3. Analysis of the 13-mRNA signature in the training cohort. The distribution of each patient's adjusted risk score for (A) disease progression and 
(B) overall survival. Kaplan-Meier curves of (C) PFS and (D) OS in high- and low-risk groups. Time-dependent ROC curves based on the predictive model for 
(E) 3- and 5-year PFS and (F) OS probability.

Figure 4. Performance of the 13-mRNA signature in an independent validation cohort. (A) The distribution of each patient's adjusted risk score for disease 
progression. (B) ROC analyses for the 13-mRNA signature and pathologic grade in the GSE120736 dataset.
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the difference in expression levels of the six hub genes between 
NMIBC and MIBC tissues using RT-qPCR and found that 
the levels of expression of CTHRC1, S100A8, and MMP11 in 
MIBC were higher than that in NMIBC (Fig. 11A). A large 
TCGA cohort containing 404 patients with bladder cancer 
in Kaplan-Meier plotter database was employed to assess 
the prognostic significance of the three DEGs mentioned 
above. The result suggested that high expression of CTHRC1, 
MMP11, and S100A8 was correlated with poor OS (Fig. 11B). 
Considering the good performance of CTHRC1 on the gene 
regulatory network and prognosis, and the fact that few 
studies have focused on its role in bladder cancer, the present 
study focused on this gene. Compared with NMIBC samples, 
cytoplasmic and membranous CTHRC1 immunostaining was 
markedly enhanced in MIBC tissues (Fig. 11C), and high 

CTHRC1 expression was observed in the majority of MIBC 
tissues (22/34) while in part of non-invasive tumors (5/15), 
which was consistent with the result of RT-qPCR and the trend 
seen in the GEO datasets. Detailed information about clinical 
specimens is listed in Table IV. Furthermore, functional 
assay indicated that CTHRC1 knockdown inhibited migra-
tion ability of 5637 and TCCSUP cells (Fig. S1), suggesting 
CTHRC1 may be involved in the development and progression 
of bladder cancer.

Discussion

Comprehensive genomic studies on high-throughput RNA 
sequence and microarray profiles have attracted consider-
able attention for the prognostic prediction and exploration 

Figure 5. Prognostic significance of the 13‑mRNA signature in the TCGA cohort. (A) The distribution of risk score, survival status, recurrence status and the 
13‑mRNA expression profiles for each patient. Kaplan‑Meier survival curves depicting (B) OS and (C) recurrence‑free survival in high‑ and low‑risk patients. 
Kaplan‑Meier curves of OS in different subgroups stratified by (D) AJCC stage, (E) age and (F) tumor subtype.
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of molecular mechanisms of a variety of diseases in recent 
years. Progression of NMIBC to MIBC has been an unsolved 
life-threatening problem, and cannot be accurately predicted 

with the use of traditional clinicopathological parameters (15). 
Thus, identification of good sensitive and specific novel 
biomarkers for predicting disease progression of patients with 

Figure 6. The established nomogram to predict the risk of NMIBC progression. (A) The nomogram was generated in the training dataset, with gender, grade 
and 13-mRNA signature incorporated. (B) Calibration curves of the nomogram to predict PFS at 3- and 5-year in the training dataset. (C) Calibration curves 
of the nomogram in the validation dataset. The actual diagnosed disease progression is plotted on the y-axis; nomogram predicted probability is plotted on 
the x-axis. (D) Time-dependent ROC curves based on the nomogram for 3- and 5-year PFS in the training dataset. (E) ROC curves based on the nomogram 
in the validation dataset.
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NMIBC is of utmost clinical significance in treatment deci-
sions and follow-up regimens. In the current study, a 13-mRNA 
signature was developed for both prediction of disease 
progression and survival prediction of patients with bladder 
cancer. Moreover, this model outperformed other published 
gene signatures and biomarkers in two GEO datasets included 
in the present study, demonstrating its considerable reliability 
and robustness in predictive accuracy.

In total, 73 DEGs were identified between patients with 
primary NMIBC and patients with progressive NMIBC, and 
univariate Cox regression analysis was used to screen 47 prog-
nostic genes from those DEGs. However, this method is not 

suitable for such high-dimensional microarray data due to the 
familiar limitation of overfitting in selecting survival‑related 
genes (19). Therefore, the LASSO Cox regression method 
that can eliminate the above limitation was applied and a 
13-mRNA-based risk score model that can separate patients 
into low- and high-risk groups was constructed in the training 
dataset and then verified in another independent GEO dataset 
(for prediction of disease progression) and TCGA cohort (for 
prediction of survival), which indicated its favorable predictive 
prognostic performance.

Several novel multi-gene-based signatures and single 
biomarkers for prediction of progression of NMIBC to 
MIBC have been reported in recent years and comparison 
of the 13-mRNA signature with them was conducted in our 
study (14-18). The ROC curves indicated that the performance 
of the 13-mRNA signature was similar to that of the 12-gene 
progression score model, and superior to that of the 5-gene 
model and three other single-gene biomarkers in two GEO 
datasets. Since the 12-gene model was based on a large-scale 
multicenter prospective study, it had a robust predictive power, 
and we paid particular attention to it. The progression score 
model based on the expression levels of 12 genes detected by 
RT‑qPCR assay correlated significantly with outcome and had 
independent prognostic power when the model was analyzed 
in combination with the European Organisation for Research 
and Treatment of Cancer (EORTC) risk score. Moreover, 
the 12‑gene model was also significantly related to previous 
molecular classes identified with basal‑ and luminal‑like char-
acteristics (20). Unfortunately, there are no overlapping genes 
between our 13-mRNA signature and the 12-gene progression 
score model, which may be attributed to the high heterogeneity 
of bladder cancer and different statistical methods used for 
constructing the signatures. Pearson's correlation coefficient, 
ROC analysis, Wilcoxon signed-rank test and Cox regression 
analysis were employed to identify the 12 genes for inclusion 
in the ideal PCR signature by comparing normalized cycle 
threshold (Ct) values and clinical outcomes (21), whereas 
DEGs in the primary NMIBC and progressive NMIBC groups 
based on absolute fold change and adjusted t-test P-value were 
screened for developing the 13-mRNA model using univariate 
Cox regression and LASSO Cox regression methods. Notably, 
the current histopathological system of evaluation is the 
conventional system used to determine the prognosis of and 
to stratify treatment of patients with bladder cancer. Both the 
1973 and 2004 World Health Organization grading systems 

Table III. AUCs of the signatures and biomarkers in the training and validation datasets.

 GSE13507 GSE120736
 ------------------------------------------------------------------- --------------------------------------------------------------------
Approaches AUC P-values AUC P-values

13-gene signature 0.905 P<0.0001 0.857 P<0.0001
5-gene signature 0.689 P=0.003 0.811 P=0.0001
12-gene signature 0.827 P<0.0001 0.902 P<0.0001
FOXM1 0.717 P=0.001 0.874 P<0.0001
HYAL-1 0.545 P=0.475 0.593 P=0.2484
STAG2 0.556 P=0.378 0.557 P=0.4778

Figure 7. ROC analysis of 13-mRNA signature and other published 
single gene or multi-gene models in GSE13507 and GSE120736 datasets. 
Integration and comparison the differences of areas under curve in the six 
predictive biomarkers.
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Figure 8. Gene sets of canonical pathways and Hallmark that are associated with risk score were performed by GSEA. Results of GSEA for gene sets of 
canonical pathways showing that (A) chemokine signaling pathway, (B) FOXM1 pathway, (C) collagen formation and (D) extracellular matrix organization 
were highly enriched in the high-risk group, with nominal P-value <0.05 and FDR<0.2.

Figure 9. Gene sets of Hallmark that are associated with risk score were performed by GSEA. Results of GSEA for gene sets of Hallmark showing that 
(A) epithelial mesenchymal transition, (B) inflammatory response, (C) IL6‑JAK‑STAT3 SIGNALING and (D) G2M checkpoint were highly enriched in 
high-risk group, with nominal P-value <0.05 and FDR<0.2.
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provide independent clinical information for predicting disease 
progression in patients with NMIBC (2). The ROC curves in 
the present study showed that the 13-mRNA signature was 
superior to the grading system with respect to prediction of 
progression in the training and validation cohorts. Moreover, 
a predictive nomogram, which combined the 13-mRNA signa-
ture and available clinically related risk factors (gender and 
grade), was developed to help guide prediction of prognosis 
and enable clinicians to introduce an individualized thera-
peutic strategy for patients with NMIBC.

Gene set enrichment analysis revealed the differences 
in distinctive biological processes and signaling pathways 
between the high‑ and low‑risk subgroups stratified by the 
13-gene signature in TCGA cohort. Several cancer-related 
pathways, including the ‘FOXM1 pathway’, ‘extracellular 
matrix organization’, ‘epithelial mesenchymal transition’, 
‘inflammatory response’ and ‘IL‑6‑JAK‑STAT3’, which are 
involved in diverse functions that promote carcinogenesis 
or metastasis, were significantly enriched in the high-risk 
subgroup. The FOXM1 transcription factor, a member of the 

Figure 10. Protein‑protein interaction network associated with the 13‑mRNA classifier identified by GeneMANIA. Red circles indicate upregulated genes, 
whereas blue ones depict downregulated genes in 13-mRNA signature. Green rhombi represent additional genes spontaneously predicted by GeneMANIA.

Table IV. Clinicopathological parameters of patients enrolled in the cohort.

Characteristics Used for RT-qPCR Used for IHC

Number of patients 24 49
Age (mean ± SD) 69.21±7.40 68.92±9.62
Sex (male/female) 6/18 40/9
Pathology grade (low/high) 7/17 11/38
Tumor size (≤3 cm/>3 cm) 15/9 26/23
Subtype (papillary/non-papillary) 11/13 20/29
T stage (Ta-T1/T2-T4) 12/12 15/34
Lymph node metastasis (no/yes) 24/0 41/8
TNM stage (I/II/III/IV) 12/9/3/0 15/18/9/7

IHC, immunohistochemistry; SD, standard deviation; TNM, tumor-node-metastasis.
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Fox transcription factor family, plays vital role in carcinogen-
esis via regulation of proliferation, cell cycle, transformation 
and apoptosis (22). FOXM1 facilitated to cell viability, migra-
tion and invasion of bladder cancer cells through reducing p27 
level and increasing VEGF expression (23). High expression 

of FOXM1 was associated with adverse clinical features, 
including pathological grade, TNM stage, concomitant carci-
noma in situ and multifocal tumors, and predicted a risk of 
luminal subtype with worse outcomes in patients with stage 
pT1 NMIBC (24). Emerging evidence supports the hypothesis 

Figure 11. Validation of hub genes identified from the 13‑mRNA signature. (A) RT‑qPCR results showing levels of expression profiles of the six hub genes 
in NMIBC tissues (n=12) vs. MIBC tissues (n=12); **P<0.01 and ***P<0.001. NMI: non-muscle invasive bladder cancer, MI: muscle invasive bladder cancer. 
(B) Survival curves generated by Kaplan-Meier plotter (http://kmplot.com/analysis/) indicated that high expression of CTHRC1, MMP11 and S100A8 can 
predict unfavorable prognosis. (C) Immunohistochemical analysis of CTHRC1 protein expression in NIMBC and MIBC tissues. Scale bar, 100 µm.
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that inflammation is one of the hallmark characteristics of 
cancer development and progression. Inflammatory cytokines, 
such as IL-6, S100A8, and TGF-β, play an essential role in 
cancer progression by directly interacting with tumor cells, 
promoting epithelial-to-mesenchymal transition and driving 
distant metastasis (25). As common markers of systemic 
inflammatory response, neutrophil‑to‑lymphocyte ratio (NLR) 
and C-reactive protein (CRP) were associated with disease 
progression in patients with NMIBC (26).

There were 6 hub genes screened from the 13-mRNA 
signature and 3 of 6 of them that were detected by RT-qPCR 
were further identified as target genes, which were differ-
entially expressed between NMIBC and MIBC tissues. 
CTHRC1, a secreted glycosylated protein, has been found 
to be aberrantly upregulated in various human malignant 
cancers and involved in cellular processes related to cancer 
development and metastasis. Forced expression of CTHRC1 
is closely associated with carcinogenesis and bone metastasis 
in breast cancer (27). Upregulation of CTHRC1 driven by 
N-glycosylation contributes to cell migration in oral squa-
mous cell carcinoma through the non-canonical Wnt/planar 
cell polarity (PCP) signaling pathway (28). However, the 
expression patterns and biological functions of CTHRC1 in 
bladder cancer have not been well investigated and remain 
largely unclear. Here we found that expression of CTHRC1 
was higher in invasive bladder cancer than the non-invasive 
subtype at mRNA and protein levels, and the Kaplan-Meier 
analysis showed that patients with high CTHRC1 expres-
sion had an unfavorable prognosis. In addition, Transwell 
assay has revealed that CTHRC1 deletion by specific small 
interfering RNA (siRNA) markedly reduced migration and 
invasion activities of 5637 and TCCSUP cells (data not 
shown), which may be attributed to aberrant MEK/ERK 
phosphorylation stimulated by rCTHRC1 (data not shown). 
S100A8 is one of the family members of calcium-binding 
proteins that regulates inflammatory responses and can drive 
proliferation and invasion of cancer cells by binding to the 
receptor for advanced glycation end-products (RAGE) to acti-
vate mitogen-activated protein kinase (MAPK) and nuclear 
factor kappa-light-chain-enhancer of activated B cells 
(NF-κB) signaling pathways (29). Elevated S100A8 expres-
sion has been observed in multiple cancers, including bladder 
cancer. Several studies have devoted to explore the value of 
S100A8 being a biomarker for diagnosis and prediction of 
prognosis in bladder cancer. A prognostic signature based 
on S100A8-correlated genes can predict disease progression, 
and patients with NMIBC with high S100A8 cluster are more 
likely to progress to MIBC (30), indicating that S100A8 might 
be a novel promising biomarker of bladder cancer outcome. 
Using multiple comprehensive approaches of protein detec-
tion, Bansal et al (31) found that S100A8 and S100A9 were 
able to precisely discriminate over 80% of bladder cancer 
patients compared to healthy controls, with high sensitivity 
and specificity (ROC, 0.946). In addition, with a comparable 
tactic, S100A8 and S100A4 were able to distinguish 92% of 
low-grade cases from high-grade, with utmost sensitivity 
and specificity (ROC, 0.941). Immunohistochemistry assay 
was performed to test S100A8 expression in NMIBC, data 
showed that S100A8 expression was significantly higher in 
pT1 and high-grade tumors than in pTa and low-grade, and it 

remained an independent factor for RFS (P=0.024, HR 2.43) 
and PFS (P=0.002, HR 5.92) according to the multivariate Cox 
regression model (32). Those results suggest that S100A8 is a 
promising marker for identification of bladder cancer patients 
at high risk of recurrence and progression, which supports 
our main viewpoint that S100A8 as a member of 13-mRNA 
signature can be a novel potential biomarker for diagnosis 
and prediction of prognosis in patients with bladder cancer. 
As for the role and mechanism of S100A8 in bladder cancer, 
we think the relative research is necessary but independent 
of this manuscript. Recent studies have reported MMP11 as 
a marker of lymph node metastasis and predictor of poor 
survival in bladder cancer. Li et al found increased MMP-11 
protein expression was related to increments of pathologic 
stage status, a stepwise increment of MMP11expression from 
normal urothelium and non-invasive urothelial carcinoma to 
superficially invasive subtype, and to high stage urothelial 
carcinoma. The expression of MMP-11 is positively related 
to high cancer‑specific mortality and metastasis in bladder 
transitional cell carcinoma (33). Coincidentally, MMP11 
was identified as a member of a five‑mRNA‑based classifier 
developed for predicting lymph node metastasis in bladder 
cancer (34). Those results suggest that MMP11 is a promising 
biomarker for prediction of patients with bladder cancer.

This study, however, has several limitations. First, this 
study is retrospective in nature, which may have resulted in 
a selection bias, and the sample size was insufficient in the 
training and validation datasets. The results of our study, there-
fore, need further validation in large prospective clinical trials. 
Secondly, information on clinical factors, like age, intravesical 
therapy, survival status and follow-up time was not available 
in the validation dataset; thus, only two parameters (sex and 
grade) that exist in both datasets were collected and combined 
with the 13-mRNA signature to construct a nomogram. This 
requires further verification in different cohorts in the future. 
Finally, more detailed studies are still needed to explore the 
biological roles and molecular mechanisms of the genes incor-
porated in the integrated signature in bladder cancer.

In conclusion, we have developed an integrated 13-mRNA 
signature for prediction of progression of NMIBC to MIBC and 
prognostication. The prognostic value of the 13-mRNA signa-
ture for PFS and OS, and a nomogram based on the model might 
be useful for clinicians to select personalized therapy for patients 
with bladder cancer. Furthermore, the gene signature could also 
provide insights into the underlying molecular mechanisms of 
development and progression of bladder cancer.
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