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Comprehensive analysis 
of mitochondria-related genes indicates 
that PPP2R2B is a novel biomarker 
and promotes the progression of bladder cancer 
via Wnt signaling pathway
Du Shen1 and Shaosan Kang2* 

Abstract 

Bladder cancer (BC) is the fourth and tenth most common malignancy in men and women worldwide, respectively. 
The complexity of the molecular biological mechanism behind BC is a major contributor to the lack of effective 
treatment management of the disease. The development and genesis of BC are influenced by mitochondrial retro-
grade control and mitochondria-nuclear cross-talk. However, the role of mitochondrial-related genes in BC remains 
unclear. In this study, we analyzed TCGA datasets and identified 752 DE-MRGs in BC samples, including 313 down-
regulated MRGs and 439 up-regulated MRGs. Then, the results of machine-learning screened four critical diagnostic 
genes, including GLRX2, NMT1, PPP2R2B and TRAF3IP3. Moreover, we analyzed their prognostic value and con-
firmed that only PPP2R2B was associated with clinical prognosis of BC patients and Cox regression assays validated 
that PPP2R2B expression was a distinct predictor of overall survival in BC patients. Them, we performed RT-PCR 
and found that PPP2R2B expression was distinctly decreased in BC specimens and cell lines. Functional experiments 
revealed that overexpression of PPP2R2B distinctly suppressed the proliferation, migration and invasion of BC cells 
via Wnt signaling pathway. In summary, these research findings offer potential molecular markers for the diagnosis 
and prognosis of BC, with the discovery of PPP2R2B particularly holding significant biological and clinical significance. 
This study provides valuable clues for future in-depth investigations into the molecular mechanisms of BC, as well 
as the development of new diagnostic markers and therapeutic targets.
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Introduction
Bladder cancer (BC) is the 10th most common malig-
nancy worldwide, resulting in about 170,000 deaths 
worldwide every year [1]. On a global scale, BC exhibits 
a higher incidence rate, particularly in developed coun-
tries, with male patients experiencing a significantly 
higher incidence than females, showing a gender differ-
ence of two to three times [2]. BC predominantly affects 
individuals in the middle-aged and elderly population, 
particularly those aged 50 and above, with the elderly 
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facing a comparatively higher risk of developing the dis-
ease. Geographical variation is also a noteworthy char-
acteristic in the epidemiology of BC [3, 4]. There are 
significant differences in incidence rates among different 
regions, likely attributable to factors such as environ-
mental conditions, lifestyle, and dietary habits. Smok-
ing is identified as a primary risk factor for BC, with 
smokers facing a significantly higher risk compared to 
non-smokers. Additionally, exposure to chemicals in the 
occupational environment, such as benzene and organic 
solvents, is considered to be associated with the occur-
rence of BC [5, 6]. Genetic factors may play a certain role 
in the onset of BC, as evidenced by the presence of clus-
ters of BC in some families, indicating a genetic influence 
on an individual’s susceptibility to BC. Epidemiological 
data indicates that 5–15% of patients with muscle-inva-
sive bladder cancer face a bleak prognosis and a lower 
5-year survival rate due to the disease being already in an 
advanced stage at the time of diagnosis. Patients dealing 
with metastasis face a double whammy: early detection 
is challenging, and there are currently no effective tar-
geted treatments. Therefore, to discover new diagnostic 
and treatment targets for BC, it is crucial to do additional 
research into the molecular and biological processes 
underpinning distant metastasis.

Machine Learning (ML) is a branch of artificial intel-
ligence that focuses on enabling computer systems to 
perform tasks without explicit programming by learn-
ing patterns and rules from data [7]. In the field of medi-
cine, ML is widely applied to disease diagnosis and the 
optimization of treatment plans, with tumor diagno-
sis being a crucial application area. In the process of 
screening tumor diagnostic genes, the first step involves 
data collection, including gene expression data, protein 
expression data, and more [8, 9]. Subsequently, data pre-
processing is carried out to clean, standardize, and select 
features to enhance model performance. Appropriate ML 
models, such as Support Vector Machines, decision trees, 
random forests, etc., are selected, and a predictive model 
for tumor diagnostic genes is established through train-
ing with labeled training data [10, 11]. After model train-
ing, evaluation is conducted using unlabeled test data, 
and the model is optimized to improve its generalization 
ability. Ultimately, the trained model is applied to new, 
unknown samples for the screening of tumor diagnostic 
genes. In recent years, several studies have reported the 
important potential of Machine Learning used as novel 
methods for the identification of novel diagnostic genes 
in several types of tumors.

Mitochondria are organelles within cells that play 
a crucial role in energy production. They gener-
ate the primary form of cellular energy, adenosine 
triphosphate (ATP), through the process of oxidative 

phosphorylation [12–14]. Mitochondria serve as the 
site for cellular respiration, where organic substances 
react with oxygen to release energy [15]. Regarding the 
relationship between mitochondria and tumors, some 
studies suggest a certain association, although research 
is ongoing, and scientists are still delving into the spe-
cific mechanisms of this relationship [16–18]. Certain 
research suggests that tumor cells may demonstrate 
unique mitochondrial functions in comparison to nor-
mal cells, encompassing morphological alterations in 
mitochondria, mutations within mitochondrial DNA, 
and functional abnormalities. These changes may be 
related to the survival, proliferation, and anti-apoptotic 
(anti-cell death) capabilities of tumor cells [19, 20]. On 
the other hand, mitochondrial dysfunction can lead to 
disturbances in cellular energy metabolism, which may 
be one of the reasons for the rapid growth and division 
of some tumor cells [21, 22]. Additionally, mitochon-
dria are also associated with the process of apoptosis 
(programmed cell death), and some tumor cells may 
evade normal cell death mechanisms by modulating the 
apoptotic signaling pathways of mitochondria. In addi-
tion, many mitochondria-related genes (MRGs) have 
been identified. However, their expression and function 
in BC remained largely unclear. In this study, we aimed 
to used Machine Learning to screen critical diagnostic 
MRGs and further explored their prognostic value and 
function. Importantly, we identified a diagnostic and 
prognostic MRG PPP2R2B which promoted the prolif-
eration and metastasis via Wnt/β-catenin signaling.

Materials and methods
TCGA‑BLCA cohort and GEO cohort
The Cancer Genome Atlas (TCGA) data portal (https:// 
gdc- portal. nci. nih. gov/) was used to get the level-three 
transcriptome RNA sequencing data and the associ-
ated clinicopathological features of patients with BC. 
Moreover, Datasets GSE13507 and GSE3167 were used 
to extract RNA-sequence information from both nor-
mal and BC samples. Furthermore, we used MSigDB 
(https:// www. gsea- msigdb. org/ gsea/ msigdb) to screen 
1513 MRGs.

Differential expression analysis
For 1513 MRGs found in both normal and cancerous 
tissues, we used the GSE13507 database to get their 
expression profiles. Then, we used the student’s t-test 
in R to find differentially expressed MRGs (DE-MRGs) 
between the two sets of data. For statistical signifi-
cance, a p-value below 0.05 was considered.

https://gdc-portal.nci.nih.gov/
https://gdc-portal.nci.nih.gov/
https://www.gsea-msigdb.org/gsea/msigdb
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GO (Gene Ontology) and KEGG (Kyoto Encyclopedia 
of Genes and Genomes) pathway analyses
GO is a standardized biological terminology system 
used to describe the biological functions of genes and 
proteins. It categorizes biological functions into three 
main levels: Molecular Function, Cellular Component, 
and Biological Process. KEGG is a comprehensive data-
base designed to integrate information about genomes, 
chemical substances, and biological systems. It offers 
in-depth information on a variety of topics, including 
illnesses, metabolic pathways, gene functions, and bio-
logical pathways, among other things. ClusterProfiler is 
a R program that is widely utilized in the field of bioin-
formatics [23]. Its primary purpose is to perform func-
tional enrichment analysis on high-throughput biological 
data. It is primarily used to analyze gene sets, revealing 
the enrichment of these genes in biological functions, 
pathways, and metabolic pathways, aiding researchers in 
gaining a deeper understanding of experimental results. 
The clusterProfiler (version 3.10.1) software was utilized 
in order to carry out the O and KEGG analyses. DOSE 
(Disease and Ontology Semantic and Enrichment) is an 
R package specifically designed for disease-related func-
tional enrichment analysis in bioinformatics. Its primary 
function is to assist researchers in understanding the 
association between gene sets and diseases, as well as the 
enrichment of these genes in biological processes, cel-
lular components, and molecular functions. To aid with 
interpretation, the enrichplot and DOSE programs were 
utilized to visualize the enrichment results. The threshold 
values used were p < 0.05 and adjusted p < 0.05.

Screening of candidate diagnostic biomarkers
In this study, the support vector machine recursive fea-
ture elimination (SVM-RFE) and least absolute shrink-
age and selection operator (LASSO) were employed to 
identify noteworthy diagnostic genes. SVM-RFE is a fea-
ture selection method based on Support Vector Machine 
(SVM) [24]. It combines the classification performance 
of SVM with the idea of recursive feature elimination 
to help identify the critical diagnostic genes. SVM-RFE 
considers the interactions between features during the 
feature selection process, focusing not only on the indi-
vidual contribution of each feature but also on their com-
bined effects. Genes with greater discriminatory power 
were located using the SVM-RFE technique. LASSO is 
a regularization method used for linear regression and 
related models. It introduces sparsity by adding an L1 
regularization term to the loss function of linear mod-
els, aiding in the selection of the most important features 
and pushing the coefficients of other features toward zero 
[25]. LASSO is a powerful regularization technique that 

not only reduces model complexity and prevents over-
fitting but also facilitates feature selection in regression 
analysis, enhancing the interpretability and generaliza-
tion performance of the model. LASSO was performed 
using the “glmnet” package in R. Applying two algo-
rithms to the metadata cohort and using the GSE13507 
dataset to conduct an analysis of genes that overlapped 
between the two methods was done with the intention of 
further evaluating the expression levels of potential diag-
nostic biomarkers.

Construction of the nomogram
A Nomogram is a graphical tool used to visually rep-
resent and calculate the impact of various factors in a 
model on a specific outcome. It is an intuitive tool com-
monly employed in the fields of medicine and statistics 
to assist researchers and clinicians in better understand-
ing and applying complex predictive models. Through 
the use of the rms R package (https:// cran.r- proje ct. org/ 
web/ packa ges/ rms/), all of the prognostic factors were 
utilized in the development of a prognostic nomogram. 
This nomogram was used to evaluate the probability of 
0.5-, 1-, and 3-year overall survival for patients with BC. 
The C-index and the area under the curve (AUC) were 
utilized in order to objectively evaluate the discrimina-
tion performance of the nomogram. In order to graphi-
cally test the nomogram’s capacity to differentiate across 
different categories, calibration plots were also utilized.

Construction of the prognostic signature
In order to determine the predictive power of MRGs, 
the LASSO Cox regression model was used to incorpo-
rate all of the genes. Next, we determined the risk score 
for each and every patient with BC. The risk score for-
mula was as follows: Risk Score = ∑Coefi * Xi (Coefi: the 
regression coefficient, Xi: gene expression value). Follow-
ing the clustering of BC patients in the TCGA database 
into two groups (low-risk and high-risk) according to the 
median risk score, Kaplan–Meier analysis was employed 
in order to examine the overall survival rates of the two 
risk groups.

Patients and specimens
Between 2021 and 2022, 10 pairs of BC tissues and adja-
cent normal tissues were collected from 10 patients 
during radical cystectomy. Each patient has previ-
ously signed an informed consent. This study has been 
approved by the ethics committee institution of North 
China of Science and Technology Affiliated Hospital.

Cell culture and transfection reagents
We obtained human BC cell lines 5637, RT4, J82, T24, 
and SW780 from the American Type Culture Collection 

https://cran.r-project.org/web/packages/rms/
https://cran.r-project.org/web/packages/rms/
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(ATCC, Manassas, Virginia, United States of America). 
Additionally, we obtained human SV40 immortalized 
uroepithelium cell SVHUC-1 (CRL-9520). The cells were 
kept in Dulbecco’s modified Eagle medium, which con-
tained 10% fetal bovine serum (provided by Thermo 
Fisher Scientific Inc., Waltham, Massachusetts, United 
States), at a temperature of 37 degrees Celsius and a car-
bon dioxide concentration of 5%. There have been claims 
made by vendors that mycoplasma contamination tests 
have been performed on cells on a regular basis. Control 
vector and over-expression vector harboring full length 
cDNA of PPP2R2B were purchased from Jikai Gene 
(Shanghai, China).

Quantitative reverse transcription polymerase chain 
reaction (RT‑qPCR) analysis
For the purpose of collecting total RNA, the TRI-
zol Reagent (Invitrogen) was utilized. Following that, 
cDNAs were produced by reverse transcription from 
RNAs using M-MLV reverse transcriptase, which was 
manufactured by Promega in Madison, United States of 
America. For the purpose of analyzing RNA expression, 
the SYBR Green PCR Master Mix (Applied Biosystems, 
Foster City, California, United States) was utilized. The 
normalization of gene expression was dependent on 
GAPDH, which was determined using the 2 − ΔΔCt pro-
tocol. The independent assay was carried out in triplicate. 
RT-PCR for PPP2R2B was carried out with the forward 
primer 5’- CCA CAC GGG AGA ATT ACT AGCG-3’ and 
reverse primer 5’- TGT ATT CAC CCC TAC GAT GAACC-
3’. GAPDH forward: 5’- ACA ACT TTG GTA TCG TGG 
AAGG-3’ and reverse: 5’- GCC ATC ACG CCA CAG TTT 
C -3′.

Cell counting Kit‑8 assay
The initial step involved the seeding of the cells into 
96-well culture plates, with each well containing a den-
sity of 5 ×  103 cells. After that, the plates were placed in 
an incubator for a period of time ranging from 24 to 48 
to 72 h. Cell Counting Kit-8 (CCK-8) solution (Beyotime; 
Cat: C0038) is currently available. For a duration of one 
hour, 10 μL/well was added and cultured in an incuba-
tor. In order to have an accurate representation of the 
cell proliferation activity, the absorbance of each well was 
measured using a plate reader at a wavelength of 450 nm.

TUNEL staining
During the night, the cells were cultivated. After being 
raised twice with PBS, the cells were fixed with 4% para-
formaldehyde for fifteen minutes, and then they were 
permeabilized with 0.25% Triton-X 100 for twenty min-
utes. This process was repeated until the cells were com-
pletely permeabilized. Procedures for TUNEL assays 

were carried out in accordance with the guidelines pro-
vided by Roche, the manufacturer. To summarize, the 
cells were originally treated with the Click-iT reaction 
cocktail after being incubated for 45  min at 37 degrees 
Celsius in a terminal dexynucleotidyl transferase (TdT) 
reaction cocktail during the initial phase of the experi-
ment. This was done in order to ensure that the cells 
maintained their integrity. In order to stain the nucleus, 
it was decided that either hematoxylin or methyl green 
would be acceptable.

Colony formation assays
Assays for colony formation were carried out in order 
to assess the growth of the cells. To summarize, a 6-well 
plate was planted with 400 transfected RT4 and J82 cells 
as the starting point. Additionally, cells were kept alive 
until colonies were established. After that, the colonies 
were dyed with crystal violet and fixed with paraformal-
dehyde for a period of thirty minutes. After then, the col-
onies were computed for purpose of further investigation.

Wound‑healing scratch assay
For the purpose of determining the capacity for cellular 
migration, the wound-healing scratch assay was utilized. 
The cells were planted in a plate with six wells one day 
before the experiment. Scratching the cells with a 20 μl 
pipette tip was followed by incubation of the cells in a 
medium that did not include any serum for a period of 
72 h. At 24, 48, and 72 h, scratch wounds were observed 
and photographed for documentation purposes. Image 
J software was utilized in order to accomplish the task 
of measuring the distance between the two edges of the 
scratch wound.

Transwell assay
RT4 and J82 cells that had been transfected were resus-
pended in serum-free medium and seeded into the upper 
chamber of each transwell. This process was repeated 
for each of the groups. Before the transwells were filled, 
the lower chamber was filled with fetal bovine serum at 
a concentration of ten percent. In contrast to the migra-
tion experiment, the invasion assay was not pre-coated 
with Matrigel (BD Biosciences, Franklin Lakes, New Jer-
sey, United States of America). Methanol (Serang Bio-
technology, Chengdu, China) was used to fix the cells, 
and Crystal Violet (Amresco, Solon, Ohio, United States 
of America) was used to dye the cells. Both processes 
ended at the stated time. For the purpose of determining 
the number of cells, a microscope with a magnification 
of 200 × (Olympus Corporation, Tokyo, Japan) using five 
randomly selected fields was utilized.
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Western blot
A total of the proteins that were present in the cells and 
tissues were extracted, then electrophoretically separated 
using SDS-PAGE gel, and then transferred onto a PVDF 
membrane system. The membrane was incubated with 
specific primary antibodies against PPP2R2B, N‐cad-
herin, E‐cadherin, MMP‐9, β‐catenin, and GAPDH at a 
temperature of 4 degrees Celsius with shaking for 48 h. 
This was done after the membrane had been blocked with 
BSA at room temperature for two hours. The secondary 
antibodies were then added, and the mixture was left to 
incubate at room temperature for two hours. After that, 
the mixture was cleaned with TBST three times. Light-
emitting solution was utilized for the exposure process. A 
reference for internal purposes was provided by GAPDH.

In vivo model
The BALB/c mice, which were female, aged between 
four and six weeks, and weighed between eighteen and 
twenty grams, were housed in an environment that was 
free of pathogens. They were also given food and water 
that had been acidified on an ad  libitum basis without 
any restrictions. A blinded randomization process was 
used to divide ten mice into two groups, each consisting 
of five mice, and then each group was given a separate 
therapy. Both statistical power and ethical requirements 
were taken into consideration while determining the size 
of the sample. An impartial examination was conducted 
in order to identify the criteria for the inclusion and 
removal of animals in compliance with the regulations 
that were established by the AAA-LAC. Subcutaneous 
injections of 2.0 ×  107 RT4 and RT4-ov-PPP2R2B cells 
administered in 100 μL of PBS were administered to the 
mice belonging to each group. All animal experiments 
were performed according to the Guidelines for the Care 
and Use of Laboratory Animals and were approved by the 
Institutional Animal Care and Use Committee of North 
China of Science and Technology Affiliated Hospital.

Statistical analysis
R(version 4.0.2, R Core Team, Massachusetts, USA) and 
GraphPad Prism 6 (GraphPad Prism, San Diego, CA, 
USA) were utilized for each and every statistical analy-
sis that was processed. Wilcoxon’s test was utilized in 
order to make a comparison between the levels of MRG 
expression in normal tissues and those seen in BC. The 
Kruskal–Wallis test was utilized in order to investigate 
the degree of correlation that exists between MRGs and 
the clinical variables. An examination of the prognosis of 
MRGs was carried out with the use of the Kaplan–Meier 
survival analysis and the log rank test. For the purpose 
of determining the predictive value of MRGs in patients 
with BC, both univariate and multivariate Cox analyses 

were carried out. Statistical significance was established 
at a level of p < 0.05.

Results
Identification of the DE‑MRGs between BC specimens 
and normal specimens and functional enrichment analysis
To screen functional genes involved in BC progression, 
we analyzed GSE13507 datasets using the student’s t-test 
and identified 752 DE-MRGs in BC samples, including 
313 down-regulated MRGs and 439 up-regulated MRGs 
(Fig.  1A). Then, we performed DO analysis to explore 
the possible association between 752 DE-MRGs and 
various diseases. As shown in Fig. 1B, we found that 752 
DE-MRGs were mainly enriched in muscular disease, 
myopathy, muscle tissue disease, inherited metabolic dis-
order, tauopathy peripheral nervous system. In addition, 
the results of GO analysis revealed that t 752 DE-MRGs 
were mainly associated with Mitochondrion_Organiza-
tion, Mitochondrial_Gene_Expression, Mitochondrial_
Transport, Mitochondrion, Mitochondrial_Envelope, 
Envelope, Oxidoreductase_Activity, Electron_Trans-
fer_Activity and Structural_Constituent_of_Ribosome 
(Fig.  1C–E). Moreover, based on the results of KEGG 
analysis, we found that 752 DE-MRGs were mainly 
related to Metabolic pathways, Huntington disease, Non-
alcoholic fatty liver disease, Thermogenesis and Parkin-
son disease (Fig. 1F).

Four DE‑MRGs were identified as diagnostic genes for BC
We wanted to determine the diagnostic capability of 
DE-MRGs so that we could take into account the dif-
ferences that exist between BC samples and normal 
samples respectively. In the following step, we identi-
fied the relevant DE-MRGs in the GSE13507 dataset by 
employing two distinct machine learning techniques, 
namely the LASSO and the SVM-RFE. These algo-
rithms were used to differentiate between BC samples 
and normal samples. The selection of 49 BC-related 
features was accomplished through the utilization of 
the LASSO logistic regression technique, with penalty 
parameter adjustment being carried out through the 
process of tenfold cross-validation (Fig. 2A, B). KEGG 
analysis revealed that 49 diagnostic genes were mainly 
related to Apoptosis, Mitophagy, Non-alcoholic fatty 
liver disease, Parkinson disease and Fatty acid biosyn-
thesis (Fig. 2C). Following that, we took the DE-MRGs 
and filtered them using the SVM-RFE algorithm and 
fourteen genes were determined to be the most suit-
able feature genes (Fig.  2D, E). In addition, the results 
of KEGG analysis revealed that 14 genes were mainly 
related to Adrenergic signaling in cardiomyocytes, 
Human papillomavirus infection, Pentose phosphate 
pathway, Glycine, serine and threonine metabolism and 
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Fig. 1 Identification and Functional Analysis of DE-MRGs in BC patients. A Through the application of the student’s t-test to GSE13507 datasets, 
a total of 752 DE-MRGs were discerned in BC specimens when compared to their normal counterparts. B DO analysis of DE-MRGs. C–E Gene 
Ontology (GO) analysis highlighted the functional roles of the 752 DE-MRGs. F KEGG pathway analysis revealed that the 752 DE-MRGs were 
significantly linked to various pathways

Fig. 2 Identification and Validation of Diagnostic Genes for BC using Machine Learning Algorithms. A, B Utilizing the LASSO logistic regression 
algorithm with penalty parameter tuning via tenfold cross-validation, 49 BC-related features were selected from the DE-MRGs (A, B). C KEGG 
analysis of the 49 diagnostic genes. D, E The SVM-RFE algorithm identified an optimal combination of 14 feature genes to distinguish BC samples 
from normal samples. F KEGG analysis of the 14 genes. G Intersection of marker genes obtained from the LASSO and SVM-RFE models revealed four 
common genes (GLRX2, NMT1, PPP2R2B, and TRAF3IP3) for subsequent analysis. H The interacting network of GLRX2, NMT1, PPP2R2B, and TRAF3IP3 
was constructed using the Genemania database, illustrating potential functional connections. I A logistic regression model incorporating the seven 
marker genes demonstrated robust performance, as indicated by ROC curves. J The diagnostic value of the model was validated in the GSE3167 
dataset. K The expression patterns of GLRX2, NMT1, PPP2R2B, and TRAF3IP3 in BC samples and normal samples, based on GSE13507 datasets. 
****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05. NS, not significant

(See figure on next page.)
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Fig. 2 (See legend on previous page.)
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Vibrio cholerae infection (Fig.  2F). The marker genes 
that were acquired from the LASSO and SVM-RFE 
models were intersected, and as a result, four marker 
genes (GLRX2, NMT1, PPP2R2B, and TRAF3IP3) 
were identified for further investigation (Fig.  2G). By 
using Genemania database, the interacting network 
of GLRX2, NMT1, PPP2R2B and TRAF3IP3 was con-
structed and presented in Fig.  2H. Using the seven 
marker genes described above, we created a logistic 
regression model using the R package glm. The ROC 
assays demonstrated that the new model distinguished 
between normal and BC samples with AUC value of 
0.885 (Fig.  2I). Moreover, the diagnostic value of the 
new model was further demonstrated in GSE3167 
datasets (Fig. 2J). In addition, the expression pattern of 
GLRX2, NMT1, PPP2R2B and TRAF3IP3 in BC sam-
ples and normal samples based on GSE13507 datasets 
was shown in Fig. 2K.

The expression pattern of GLRX2, NMT1, PPP2R2B 
and TRAF3IP3 in BC using TCGA datasets and their 
prognostic value
Furthermore, in order to investigate whether GLRX2, 
NMT1, PPP2R2B, and TRAF3IP3 displayed a dysregu-
lated level in BC, we conducted further analyses on 
TCGA datasets. Our findings revealed that the expres-
sion of PPP2R2B and NMT1 displayed a dysregulated 
level when compared to normal samples (Fig.  3A, B). 
Based on the results of pan-cancer analysis, we found 
that GLRX2, NMT1, PPP2R2B and TRAF3IP3 exhib-
ited a dysregulated level in many types of tumors, 
highlighting their potential roles in tumor progression 
(Fig.  3C–F). Then, we further explored the prognostic 
value of GLRX2, NMT1, PPP2R2B and TRAF3IP3 in 
BC patients. Importantly, we just observed that only 
PPP2R2B was associated with five year overall survival 
and progression free survival (Fig.  4A, B). After that, 
we concentrated our efforts on PPP2R2B. In order to 
further investigate the possibility of PPP2R2B being 
utilized as a novel biomarker for patients with BC, we 
carried out additional univariate and multivariate anal-
yses using the proportional hazard model developed by 
Cox. According to the findings of the univariate anal-
ysis, the factors of age, stage, and PPP2R2B were sub-
stantially linked with the overall survival of patients 
with BC (Fig.  4C). Additionally, the multivariate Cox 
regression analysis demonstrated that the expression 
of PPP2R2B was an independent prognostic predictor 
for overall survival in patients (Fig.  4D). A quantita-
tive tool that offers clinicians with the ability to pre-
dict the chance of overall survival at 1, 3, and 5  years 
for patients with BC is the expression level of PPP2R2B, 

which is an independent predictive risk factor (Fig. 4E, 
E).

The association between PPP2R2B expression and clinical 
factors of BC patients
Given the prognostic value of PPP2R2B in BC patients, 
we sought to elucidate the specific associations between 
PPP2R2B expression levels and clinical parameters in 
BC patients, with a focus on age, grade, clinical stage, T 
stage, M stage, and N stage. We found that low expres-
sion of PPP2R2B was associated with age and advanced 
grade. However, its expression was not clinical stage, 
T stage, M stage and N stage (Fig.  5A). Additionally, in 
order to illustrate the differences in the distribution of 
clinical variables across individuals whose PPP2R2B 
expression was high or low, we created a heatmap depict-
ing the differences (Fig.  5B). In the pan-cancer analysis, 
PPP2R2B expression emerged as a potential indicator of 
clinical stages and grade in several tumor types. Notably, 
CESC, STES, KIPAD, GBM, and STAD exhibited varying 
degrees of association between PPP2R2B expression and 
the aforementioned clinical parameters (Fig. 5C, D). This 
broader perspective underscored the potential multifac-
eted role of PPP2R2B in tumorigenesis and suggests its 
relevance beyond BC. These results collectively contrib-
uted to our understanding of the intricate relationship 
between PPP2R2B expression and clinical factors in BC 
and other tumor types, paving the way for further explo-
ration of PPP2R2B as a potential biomarker or therapeu-
tic target.

The biological functions of PPP2R2B in BC
After that, we isolated a variety of DEGs from patients 
whose PPP2R2B levels were either high or low. A total of 
761 DEGs were screened (Fig. 6A). Then, we performed 
KEGG analysis and found that 761 DEGs were mainly 
enriched in Retinol metabolism, Chemical carcinogen-
esis and Steroid hormone biosynthesis (Fig. 6B).

Construction of a prognostic signature based on DEGs 
between BC patients with low or high PPP2R2B 
expressions
We screened survival-related genes using DEGs between 
BC patients with low or high PPP2R2B expressions and 
confirmed 19 survival-related DEGs. Then, we thus car-
ried out the LASSO regression to construct the prog-
nostic signature in BC. The coefficient of 19 DEGs was 
presented in Fig.  6C. The model was able to obtain the 
best fit when 11 of the 19 DEGs were included (Fig. 6D). 
The formula used for risk score computation was as fol-
lows: Riskscore = (0.1099)*KANK4 + (0.1088)*TCHH + 0
.1593)*C11orf87 + (-0.0429)*CTSE + (0.0142)*HNF1B +  
(0.0133)*UCHL1 + (0.0195)*BARX2 + (-0.0531)*SPOCD
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Fig. 3 The expression pattern of GLRX2, NMT1, PPP2R2B and TRAF3IP3 in BC using TCGA datasets. A, B Dysregulated Expression of PPP2R2B 
and NMT1 in BC. C–F Pan-cancer analysis reveals dysregulation of GLRX2, NMT1, PPP2R2B, and TRAF3IP3 in various tumor types. ****p < 0.0001, 
***p < 0.001, **p < 0.01, *p < 0.05
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Fig. 4 PPP2R2B as a Prognostic Biomarker in BC Patients. A, B Prognostic association of PPP2R2B with five-year overall survival and progression-free 
survival using Kaplan–Meier survival analysis. C Univariate Cox Proportional Hazard Analysis for PPP2R2B and other clinical factors. D Multivariate 
Cox Regression Analysis for PPP2R2B. E Construction of nomogram by the PPP2R2B expressions and clinical factors. F The calibration plot. 
****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05



Page 11 of 19Shen and Kang  Biology Direct           (2024) 19:17  

1 + (0.0181)*NUDT11 + (-9e-04)*CASQ1 + (-0.101)*SUL
T1C2. The risk score model used a median threshold to 
classify 405 BC tumor samples into low- or high-risk sub-
groups, and a heatmap of the 12 genes (12 DEGs) in BC 
was also created (Fig.  6E). Besides, the overall survival 
analysis presented that the high-risk group had nota-
bly poor overall survivals (Fig.  6F). Receiver operating 
characteristic (ROC) analysis that takes into account the 
passage of time was also used to evaluate the prognostic 
model’s performance. One-year, three-year, and five-year 
overall survival (OS) area under the ROC curve (AUC) 
values were 0.679, 0.683, and 0.677, respectively (Fig. 6G).

PPP2R2B was lowly expressed in BC specimens 
and its overexpression suppressed the proliferation 
and metastasis of BC cells
Based on the above results from TCGA datasets, we 
reported PPP2R2B expression was down-regulated in BC 
patients. Then, we performed RT-PCR using our cohort 
and the results further confirmed that the expression of 
PPP2R2B was distinctly decreased in BC specimens com-
pared with non-tumor specimens (Fig. 7A). The diagnos-
tic value of PPP2R2B in screening BC specimens from 
normal specimens was also confirmed using ROC assays 
with AUC = 0.950 (Fig. 7B). Then, we also performed RT-
PCR and western blot to examine its levels in five BC cell 
lines. As shown in Fig. 7C, we observed that the expres-
sions of PPP2R2B at both mRNA and protein levels were 
distinctly decreased in five BC cell lines compared with 
SV-HUC-1. Then, we constructed the PPP2R2B overex-
pression plasmid and the results of RT-PCR confirmed 
that it distinctly increased the expression of PPP2R2B in 
RT4 and J82 cells (Fig.  7D). The findings of the CCK-8 
tests and the clonogenic assays indicated that the over-
expression of PPP2R2B significantly inhibited the pro-
liferation of RT4 and J82 cells (Fig.  7E–F). Moreover, 
according to the results of TUNEL assays, the overex-
pression of PPP2R2B led to a considerable increase in the 
amount of cell death in RT4 and J82 cells (Fig. 7G). More-
over, we performed in vivo experiments. The weights of 
the tumors present in the group that had PPP2R2B over-
expression were noticeably lower than those found in the 
group that had vector (Fig. 8A, B). In addition, we further 
explored whether PPP2R2B may exhibit a functional role 
in the metastasis of BC cells. PPP2R2B overexpression 

was found to have a significant suppressive effect on the 
migration and invasion of RT4 and J82 cells, as demon-
strated by the findings of the wound healing experiment 
and the transwell assays (Fig. 9A, B).

PPP2R2B overexpression suppressed the activity of Wnt/β‐
catenin/EMT pathway
There are numerous biological processes that require 
the Wnt/β‐catenin/EMT system, which is an essential 
cellular signaling route [26, 27]. These activities include 
embryonic development, tissue regeneration, cell prolif-
eration, and migration. It is essential for the invasion and 
spread of malignancies that the EMT process is carried 
out. The activation of the Wnt/β‐catenin pathway can 
induce EMT, causing tumor cells to migrate from their 
original location and acquire the ability to invade other 
tissues [28, 29]. By altering the morphology and func-
tion of cells, EMT facilitates the tumor cells’ easier tra-
versal through vascular walls, allowing them to enter the 
bloodstream or lymphatic system, thus achieving distant 
organ metastasis. To further explore the potential mech-
anisms involved in the anti-oncogenic roles of PPP2R2B 
in BC progression, we performed western blot and found 
that overexpression of PPP2R2B suppressed the levels of 
MMP‐9, β‐catenin and N‐cadherin, while promoting the 
expression of E‐cadherin (Fig. 9C).

Discussion
BC is a common malignancy of the urinary system, and 
early diagnosis is crucial for effective treatment and 
patient prognosis [30]. The primary clinical diagnostic 
markers currently investigated include NMP22, UroVy-
sion FISH testing, and some biomarkers assisted by cys-
toscopy [31, 32]. NMP22, a nuclear matrix protein, may 
be elevated in urine and associated with BC. Despite its 
simplicity and non-invasiveness, NMP22 exhibits lower 
specificity, posing a risk of false-positive results [33]. 
UroVysion FISH testing diagnoses BC by detecting chro-
mosomal abnormalities in urine, demonstrating a certain 
level of accuracy in early diagnosis and monitoring high-
risk patients [34]. However, its widespread application 
is limited by its high cost and the need for specialized 
technical expertise. On the flip side, certain studies con-
centrate on cystoscopy-assisted biomarkers like BLCA-4 
and UBC, aiming to augment the detection rate of BC 

(See figure on next page.)
Fig. 5 Association between PPP2R2B expression and clinical parameters in BC patients. A Scatter plot illustrating the relationship between PPP2R2B 
expression levels and age and grade in BC patients. Low PPP2R2B expression is associated with advanced age and higher tumor grade. B Heatmap 
Analysis of Clinical Characteristics in BC Patients Stratified by PPP2R2B Expression. Heatmap representation displaying the distribution of clinical 
characteristics in BC patients with high and low PPP2R2B expression levels. C, D Pancer analysis of PPP2R2B expression based on the clinical stage 
and grade. ****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05
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Fig. 5 (See legend on previous page.)
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when used in conjunction with cystoscopy. However, it 
is important to note that the sensitivity and specificity 
of these markers still necessitate additional validation. 
There is an ongoing need for the further demonstration 
of more sensitive biomarkers for BC.

A significant correlation exists between BC and mito-
chondria, particularly in the realms of cellular energy 
metabolism, oxidative stress, and the regulation of 
apoptosis. In BC, cells exhibit a heightened demand for 
energy, and mitochondria, serving as the cellular energy 
center, generate adenosine triphosphate (ATP) through 
the process of oxidative phosphorylation to meet the 
rapid proliferation and growth requirements [35, 36]. 
However, oxidative stress may lead to mitochondrial dys-
function, causing damage to mitochondrial DNA and 
consequently impacting normal cellular metabolism. 
Additionally, mitochondria play a crucial role in apop-
tosis regulation, where the release of signals under nor-
mal circumstances guides cell death [37, 38]. Yet, certain 
BC cells may evade the normal apoptotic mechanisms 
by modulating mitochondrial apoptotic pathways, pro-
moting the survival and dissemination of cancer cells. 
Studies have also identified gene variations related to 
mitochondrial DNA in BC patients, potentially influ-
encing the structure and function of mitochondria and, 
consequently, impacting the progression of BC [39–41]. 
In the analysis of GSE13507 datasets, we identified 752 
dysregulated DE-MRGs in BC, with 313 down-regulated 
and 439 up-regulated genes. These genes were associated 
with various diseases, including muscular disease and 
myopathy, and were functionally linked to mitochondrial 
organization, gene expression, and metabolic pathways, 
as revealed by enrichment analyses. Then, we performed 
LASSO and SVM-RFE, and identified four critical diag-
nostic genes for BC, including GLRX2, NMT1, PPP2R2B 
and TRAF3IP3. Then, we developed a diagnostic model 
using GLRX2, NMT1, PPP2R2B and TRAF3IP3, which 
was confirmed to exhibit a strong ability in screening BC 
specimens from normal specimens. Our findings under-
scored the potential of these genes as valuable biomark-
ers for effective BC screening.

To further identify the critical gene involved in BC pro-
gression, we performed survival analysis using GLRX2, 
NMT1, PPP2R2B and TRAF3IP3 based on TCGA 

datasets, and only low PPP2R2B expression was associ-
ated with shorter OS and PFS, suggesting it as an anti-
oncogene in BC patients. Protein Phosphatase 2A (PP2A) 
is a crucial protein phosphatase belonging to the Protein 
Phosphatase 2 (PPP) family [42, 43]. PP2A plays a vital 
role in regulating various biological processes within 
the cell, including the cell cycle, apoptosis, cell signal-
ing pathways, and cell differentiation. It represents the 
primary serine/threonine phosphatase in the cell and 
accounts for a significant portion of cellular phosphatase 
activity [44, 45]. PP2A is actively involved in the control 
of diverse cellular processes, including cell cycle progres-
sion, apoptosis, cellular signal transduction pathways 
(such as Wnt, MAPK, etc.), and cell differentiation. It 
stands out as a key regulator in these fundamental cel-
lular activities. The aberrant expression or dysfunction 
of PP2A has been linked to the initiation of various dis-
eases, including several types of cancer. This emphasizes 
the crucial role of PP2A in preserving cellular homeo-
stasis and highlights its potential as a target for thera-
peutic interventions in conditions marked by disrupted 
cellular processes. The protein encoded by PPP2R2B is a 
member of the B subunit family of Protein Phosphatase 
2A (PP2A). The B subunit is a structural component of 
the PP2A complex [46–48]. The PP2A complex consists 
of a catalytic subunit (C subunit), a structural subu-
nit (A subunit), and one or more regulatory subunits (B 
subunits). The presence of the B subunit allows PP2A 
to interact with different substrates, enabling it to per-
form various functions in different cellular processes. 
Previously, several studies have reported that the dys-
regulation of PPP2R2B was involved in the progression 
of several tumors [49, 50]. For instance, Li et al. reported 
that when compared to normal breast tissues, the expres-
sion of PPP2R2B was shown to be considerably down-
regulated, and it was associated with a bad prognosis. 
Moreover, its overexpression was distinctly associated 
with immune evasion [51]. However, the expression and 
function of PPP2R2B in BC have not been reported. Our 
significant findings contribute substantial confirma-
tion to the notion that PPP2R2B expression stands as an 
independent predictor for overall survival in individuals 
diagnosed with BC. Moreover, the Nomogram analysis 
unveiled that the expression level of PPP2R2B, serving as 

Fig. 6 Construction of a prognostic signature based on DEGs between BC patients with low or high PPP2R2B expressions. A Differential Expression 
Analysis: A total of 761 DEGs were identified in BC patients with either high or low PPP2R2B expression levels. B KEGG Pathway Enrichment Analysis 
of 761 DEGs. C LASSO regression was performed, and the coefficients of the 11 selected DEGs were determined. D The model achieved the best 
fit when considering 11 out of the 19 DEGs. E The risk score formula was established based on the coefficients of the 11 selected DEGs. F The 
high-risk group, determined by the risk score model, exhibited significantly poorer overall survival compared to the low-risk group. G ROC analysis 
was conducted to evaluate the prognostic model’s performance over time

(See figure on next page.)
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Fig. 6 (See legend on previous page.)
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Fig. 7 PPP2R2B was low expressed in BC and its overexpression suppressed the proliferation of BC cells. A The expression of PPP2R2B in 10 pairs 
of BC and normal specimens using RT-PCR. B ROC analysis determining the diagnostic value of PPP2R2B expression in BC patients. C RT-PCR 
and western blot for the levels of PPP2R2B in five BC cell lines and normal cells. D The expression of PPP2R2B was distinctly increased in RT4 and J82 
cells after the transfection of PPP2R2B plasmid. E RT4 and J82 cells that had been transfected with the PPP2R2B plasmid or vector were subjected 
to CCK-8 assay. F colony formation assays of RT4 and J82 cells. G Apoptosis was identified through the utilization of the TUNEL test. ***p < 0.001, 
**p < 0.01, *p < 0.05

Fig. 8 PPP2R2B overexpression inhibited tumor growth in vivo. A The image of xenografts isolated from mice one month. B The tumor weights. 
**p < 0.01
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Fig. 9 Overexpression of PPP2R2B suppressed migration and invasion of BC cells via Wnt/β‐catenin/EMT pathway. A The evaluation of cell 
migration of RT4 and J82 was carried out using wound healing tests following the overexpression of PPP2R2B. B In order to investigate the process 
of cell invasion in RT4 and J82 cells, transwell invasion experiments were utilized. C Following the overexpression of PPP2R2B, the levels of N‐
cadherin, E‐cadherin, MMP‐9, and β‐catenin in RT4 and J82 were determined through the utilization of Western blot detection. **p < 0.01, *p < 0.05
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an independent predictive risk factor, provides a quanti-
tative tool for healthcare professionals to assess the like-
lihood of progression-free survival at 1, 3, and 5  years 
for BC patients. This study illuminates the potential of 
PPP2R2B expression as a novel and valuable predictive 
biomarker for individuals grappling with bladder cancer, 
offering clinicians a robust tool for prognostic evaluation 
and personalized treatment strategies.

Based on the above findings, we confirmed PPP2R2B 
as an anti-oncogene in BC progression. Then, we further 
performed RT-PCR using our cohort and confirmed that 
PPP2R2B expression was distinctly decreased in both BC 
specimens and cell lines. In addition, ROC assays also 
confirmed its diagnostic value in BC patients. Then, we 
performed functional experiments and observed that 
overexpression of PPP2R2B distinctly suppressed the 
proliferation, migration and invasion of BC cells, while 
promoted the apoptosis, further confirming its anti-onco-
gene roles in BC progression. Wnt/β-catenin is a signal-
ing system that plays a vital role in numerous biological 
functions, such as the regulation of cell proliferation and 
differentiation, as well as embryonic development and 
tissue homeostasis [29, 52]. Wnt, which is a family of 
glycoproteins that are secreted, and β-catenin, which is a 
protein that plays a vital role in the transmission of Wnt 
signals, are the two main components; the route takes 
its name from these two components [53]. In  situations 
where Wnt signaling is not present, β-catenin is typically 
found in the cytoplasm, where it forms a complex with 
a destruction complex. Axin, APC (adenomatous poly-
posis coli), GSK-3β (glycogen synthase kinase-3β), and 
CK1 (casein kinase 1) are some of the proteins that are 
included in this destruction complex [54, 55]. This com-
plex serves as a marker for the breakdown of β-catenin. 
In addition, the activation of the Wnt/β-catenin path-
way is linked to the process of EMT. There is a change 
in the cellular state known as EMT, which results in epi-
thelial cells losing their polarity and acquiring features 
that are typical of mesenchymal cells. This transforma-
tion endows cells with enhanced migration and invasive 
capabilities, contributing to the spread and metastasis of 
tumors. In certain cancers, the activation of the Wnt/β-
catenin pathway is closely linked to the occurrence of 
EMT, collectively participating in the invasive and meta-
static processes of tumors [26, 56, 57]. In this study, we 
found that overexpression of PPP2R2B suppressed the 
expressions of N‐cadherin, β‐catenin and MMP‐9 and 
while promoting the expression of E‐cadherin, suggest-
ing PPP2R2B overexpression promoted BC progression 
via suppressing Wnt/β‐catenin/EMT pathway. By investi-
gating how PPP2R2B influences the Wnt/β-catenin/EMT 
pathway, we can gain a deeper understanding of the role 
of this pathway in the development of BC. Our findings 

contributed to unraveling the complexity of tumor biol-
ogy and provides a direction for future research.

Conclusion
We identified a new BC-related mitochondria-related 
gene PPP2R2B which was lowly expressed in BC. In addi-
tion, we firstly reported the diagnostic and prognostic 
value of PPP2R2B in BC patients. Functionally, we con-
firmed that PPP2R2B overexpression distinctly sup-
pressed the proliferation and metastasis of BC cells via 
Wnt/β-catenin/EMT pathway. In summary, these find-
ings offer new insights into the biological characteris-
tics of BC, highlighting PPP2R2B as a crucial regulatory 
factor. Simultaneously, this study provides important 
clues and directions for future investigations into the 
molecular mechanisms of BC, the development of novel 
therapeutic strategies, and the enhancement of patient 
prognosis assessment.
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