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Abstract
Background Prostate cancer ranks among the six most lethal malignancies worldwide. Telomerase, a reverse 
transcriptase enzyme, plays a pivotal role in extending cellular telomeres and is intimately associated with cell 
proliferation and division. However, the interconnection between prostate cancer and telomerase-related genes 
(TEASEs) remains unclear.

Methods Somatic mutations and copy number alterations of TEASEs were comprehensively analyzed. Subsequently, 
the transcripts of prostate cancer patients in TCGA and GEO databases were integrated to delineate new molecular 
subtypes. Followed by constructing a risk model containing nine characteristic genes through Lasso regression and 
Cox prognostic analysis among different subtypes. Various aspects including prognosis, tumor microenvironment 
(TME), landscape of immunity, tumor mutational burden (TMB), stem cell correlation, and median inhibitory 
concentration amongst different risk groups were compared. Finally, the expression, prognosis, and malignant 
biological behavior of ZW10 interactor (ZWINT) in vitro was explored.

Results TEASEs exhibited a notably high mutation frequency. Three distinct molecular subtypes and two gene 
subclusters based on TEASEs were delineated, displaying significant associations with prognosis, immune function 
regulation, and clinical characteristics. Low-risk patients demonstrated superior prognosis and better response to 
immunotherapy. Conversely, high-risk patients exhibited higher TMB and stronger stem cell correlations. It was also 
found that the patients’ sensitivity to chemotherapy agents was impacted by the risk score. Finally, ZWINT’s potential 
as a novel diagnostic and prognostic biomarker for prostate cancer was validated.
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Introduction
Prostate cancer is one of the top six leading malignancies, 
exhibiting a mortality rate of 3.8 per 100,000 people in 
Asian countries and resulting in 85,200 deaths per year in 
Europe [1, 2]. Surgery and radiotherapy serve as curative 
modalities for prostate cancer. However, side effects, such 
as sexual dysfunction and urinary symptoms, often come 
with these treatments and are incurable [3, 4]. Immuno-
therapy has changed the treatment paradigm for multiple 
cancer types but its definitive role in unselected pros-
tate cancer patients remains to be explored [5]. Improv-
ing prostate cancer risk stratification and finding new 
biomarkers can benefit the diagnosis and treatment of 
prostate cancer [3]. Therefore, it is of vital importance to 
explore novel markers of prostate cancer and construct a 
characteristic risk model for it.

Telomeres are repetitive DNA sequences located at 
the chromosome endings and they are responsible for 
protecting the chromosomes. With an increasing num-
ber of cell divisions, the length of telomeres undergoes a 
gradual shortening process. This process is ceased when 
DNA damage and cell apoptosis mediated by the P53 sig-
naling pathway are triggered [6]. Telomerase is a ribonu-
cleoprotein complex in eukaryotes, and it adds repeated 
TTAGGG sequences to telomeres through its internal 
reverse transcription template to further maintain the 
stability of the telomere length. Telomerase activity has 
been observed in abundant tumor tissues, whereas it 
has not been found in corresponding benign tissues [7]. 
Therefore, TEASEs may have the potential to serve as 
a new biomarker and molecular therapeutic target for 
prostate cancer. In our study, prostate cancer patients 
were divided into 3 different molecular subgroups, based 
on their expression of TEASEs. The gene differential 
expression difference and prognostic correlations across 
different molecular subgroups were analyzed, and 41 
differential and prognostic-related genes were identi-
fied. These genes guided the establishment of 2 distinct 
gene subclusters and telomerase-related risk score mod-
els. The attributes of the risk model were elucidated by 
subsequent assessments, including survival prognostic 
analysis, clinicopathological correlations, biochemical 
recurrence analysis, immune characteristics, mutation 
correlation analysis, cancer stem cell analysis, and sen-
sitivity to chemotherapeutic agents or immunotherapy. 
Lastly, in vitro and in vivo experimental validations were 
conducted to confirm the potential of ZWINT as a diag-
nostic and prognostic marker.

Results
Expression of TEASEs and corresponding prognosis and 
molecular changes
The workflow of our study was shown in Fig.  1. We 
first analyzed the mutation frequency of 67 TEASEs in 
somatic cells from the TCGA PRAD database. Overall, 
the mutation frequency was relatively high, as 63 of the 
495 samples (12.73%) were found to have mutations. The 
highest mutation frequency was 4% for ATM and 1% for 
CDKN1B, ZNFX1, ABL1, AKT1, EGF, EGFR, MTOR, 
NBN, SIN3B, TNKS and XRCC6 (Fig.  2A). In subse-
quent analysis of somatic copy number alterations, copy 
number gains and losses were widespread in TEASEs 
(Fig. 2B), and the specific chromosomal locations of copy 
number alterations were shown in Fig. 2C. Next, we ana-
lyzed the differential expression of TEASEs in tumor and 
normal samples from TCGA database. Interestingly, the 
expression of 16 genes were upregulated and 24 genes 
were downregulated in prostate cancer compared to nor-
mal tissue (Fig. 2D). In summary, the molecular changes 
of TEASEs may play a significant role in modulating the 
development of prostate cancer. To understand the clini-
cal prognostic significance of TEASEs, we performed 
KM analysis and uniCox analysis on 500 prostate cancer 
samples collected from TCGA and 281 prostate cancer 
samples collected from GEO (GSE16560). The findings 
revealed that 28 TEASEs displayed association with the 
overall survival of prostate cancer patients in KM analy-
sis (Table 1). The relationship network of 28 TEASEs and 
their potential prognostic significance were graphically 
presented (Fig. 2E).

Establishment and analysis of subgroups related to TEASEs
We performed consensus clustering analysis on the 
TEASEs transcript data of TCGA PRAD and GSE16560. 
In the co-clustering analysis, the data was categorized 
into three clusters, with the darkest color within each 
cluster indicating the smallest variation within that spe-
cific cluster, and the lightest color between clusters rep-
resenting the most significant differences between them 
(Fig.  3A). Furthermore, the Cumulative Distribution 
Function (CDF) curve exhibited the most pronounced 
change when k = 3, compelling us to divide the samples 
into three clusters (Fig.  3B). Specifically, Clusters 1, 2, 
and 3 corresponded to clusters A (294 samples), B (371 
samples), and C (113 samples), respectively. In the sub-
sequent survival analysis, cluster C presented the best 
survival prognosis while cluster A presented the poor-
est survival prognosis (Fig.  3C). Specific expression 

Conclusions TEASEs play a pivotal role in modulating immune regulation and immunotherapeutic responses, 
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distribution of TEASEs in different subtypes, N/T 
stage, gleason score, and age was shown in a heatmap 
(Fig.  3D). The twenty most statistically significant path-
ways between subtypes were also identified using GSVA 
analysis (Fig.  3E-G). To preliminarily reveal the con-
nection between different subtypes and tumor immune 
microenvironments (IME), the ssGSEA method was uti-
lized to evaluate the infiltration of various immune cells 
in different subtypes. The findings showed that infiltrat-
ing abundance of 21 types of immune cells had notable 
variations in the distribution amongst the three different 

subtypes, indicating that different subtypes have different 
IME characteristics (Fig. 3H).

Intersection between different subtypes and analysis of 
corresponding biological functions
The principal component analysis suggested that the 
three different subtypes could be well distinguished 
according to the gene expression of TEASEs (Fig.  4A). 
The pairwise difference analysis was subsequently per-
formed on the 3 subtypes (A-B, A-C, B-C) and obtained 
321differentially expressed genes (DEGs) with common 
intersection (Fig.  4B). In the GO and KEGG analysis of 

Fig. 1 Workflow
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Fig. 2 Molecular changes and differential expression of TEASEs in prostate cancer. (A) TEASEs somatic mutation frequency. (B) Somatic copy number 
alterations of TEASEs. (C) Chromosomal copy number alteration locations of TEASEs and red or blue represents an increase or decrease in copy number. 
(D) Differential expression of TEASEs between prostate cancer and normal tissue samples. (E) TEASEs prognostic network diagram
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321 DEGs, we corrected the p-values   for multiple com-
parisons and presented them as q-values   to provide 
a more precise assessment of the significance of the 
enrichment analysis outcomes. The findings indicated 
that DEGs were predominantly involved in biological 
processes such as cell differentiation, adhesion, and pro-
liferation. Additionally, these DEGs were linked to cell 
components such as plasma and basement membrane. 
They were also found to be associated with the combi-
nation of substances in molecular functions (Fig.  4C). 
Furthermore, KEGG analysis revealed that DEGs were 
involved in multiple signaling pathways that had a critical 
role in tumor progression, such as PI3K-AKT, JAK-STAT, 
MAPK, and Ras signaling pathways (Fig. 4D).

Establishment and analysis of gene subclusters related to 
TEASEs
UniCox regression analysis was performed on the above 
DEGs to further select differential expression genes 
related to prognosis (DEGPs). Forty-one genes were suc-
cessfully identified (Supplementary Table S1). Clustering 
analysis on these 41 DEGPs was subsequently performed. 
The most pronounced effect was observed when consid-
ering the cumulative function distribution at k = 2. As a 
result, 781 prostate cancer patients were categorized into 
two distinct clusters (Cluster A and Cluster B) (Fig. 5A-
B). The survival prognostic analysis plot suggested that 
Cluster B exhibited a better survival outcome than Clus-
ter A (Fig. 5C). Similarly, the relationship between gene 
subclusters and the patients’ attributes such as age, 
gleason score, and N/T stage using a heatmap (Fig. 5D). 
Additionally, the differential distribution of TEASEs in 
the two gene subclusters was plotted in a box plot, with 
the majority of the genes displaying higher expression in 
Cluster B compared to Cluster A (Fig. 5E).

Construction and analysis of the risk model for TEASEs
To better understand the significance of 41 DEGPs, 
prostate cancer patients in our study were randomly 
grouped into two cohorts, a test cohort, and a train-
ing cohort, in a 1:1 ratio. Following this, LASSO regres-
sion analysis was employed to construct a multi-cox 
regression risk model comprised of 9 genes, aiming to 
provide valuable prognostic insights (Fig.  6A-B). The 
formula for calculating the risk score is depicted as fol-
lows: Risk score = (− 0.28357* FOSL2 expression) + 
(0.21214*KLF10 expression) + (− 0.18548*SELL expres-
sion) + (− 0.29501*SPARCL1 expression) + (0.48517*PLS3 
expression) + (0.21560*ZWINT expression) + 
(− 0.26450*ROBO1 expression) + (− 0.24698*PDGFC 
expression) + (− 0.21754*BANK1 expression). The rela-
tionships among the three TEASEs subgroups, two 
TEASEs gene clusters and two TEASEs risk groups were 
visually represented using a ggalluvial diagram (Fig. 6C). 

Table 1 Survival prognostic analysis of TEASEs
id HR HR.95 L HR.95 H p-value
TERF1 1.360332 1.083482 1.707922 2.14E-05
HDAC1 1.325812 1.027642 1.710496 5.95E-05
E2F1 1.258835 1.065307 1.48752 6.15E-05
JUN 0.809933 0.696207 0.942236 0.000192
EGF 0.802419 0.715329 0.900113 0.000647
RPS6KB1 1.525155 1.087122 2.139684 0.000666
MAX 1.527123 0.997088 2.338917 0.003073
TGFB1 1.279442 1.060703 1.543291 0.003967
SP1 1.330168 1.013686 1.745458 0.005813
TERF2 1.159369 0.948595 1.416976 0.006369
RBBP4 1.397369 1.068068 1.828199 0.008171
MAPK3 1.098239 0.877966 1.373777 0.010259
AKT1 1.067908 0.869053 1.312263 0.011244
HDAC2 1.232111 0.953797 1.591637 0.011917
NR2F2 1.330277 1.007734 1.756054 0.012645
XRCC5 1.336247 0.98372 1.815106 0.012888
WRN 1.066494 0.865688 1.313878 0.015635
EGFR 1.107396 0.94407 1.298978 0.018788
RAD9A 1.042127 0.820313 1.323919 0.023731
DKC1 1.306299 0.995686 1.713809 0.026347
ESR1 0.934511 0.797315 1.095315 0.027427
NCL 1.284172 0.948709 1.738256 0.02769
MXD1 0.821199 0.656021 1.027966 0.031465
RAD50 1.075445 0.821886 1.40723 0.033061
NFKB1 0.982402 0.810675 1.190507 0.036731
ABL1 1.042976 0.866716 1.25508 0.040213
IL2 0.906655 0.60929 1.349151 0.041028
TERT 0.948766 0.805797 1.117102 0.047995
FOS 0.964111 0.887687 1.047115 0.051878
MYC 1.076847 0.950394 1.220124 0.05602
ACD 0.88667 0.679283 1.157374 0.063411
UBE3A 1.054709 0.830352 1.339685 0.064208
BLM 1.098156 0.875418 1.377566 0.068383
MAPK1 0.957876 0.745733 1.23037 0.068448
RBBP7 0.927165 0.701126 1.226079 0.074303
SAP30 0.936982 0.739013 1.187983 0.090326
WT1 0.945065 0.818594 1.091075 0.097995
YWHAE 1.0101 0.778449 1.310686 0.099189
ATM 1.107862 0.89988 1.363913 0.109918
NBN 1.113041 0.8883 1.394642 0.129731
IFNAR2 1.053369 0.812793 1.365151 0.148204
IRF1 0.969776 0.838947 1.121008 0.151299
CDKN1B 1.043531 0.791294 1.376171 0.18565
SAP18 1.053654 0.767514 1.446472 0.19163
CCND1 1.030722 0.82032 1.295089 0.277829
SMAD3 0.972699 0.789202 1.198861 0.313892
XRCC6 1.020272 0.71548 1.454906 0.365676
KM (Kaplan Meier) Survival Analysis of TEASEs. (HR: Hazard Ratio, HR.95  L: 
HR95% confidence interval lower limit, HR.95  H: HR95% confidence interval 
upper limit, p < 0.05 is considered to be associated with survival prognosis)
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Fig. 3 TEASEs-associated molecular subtype characteristics. (A) Consensus Cluster Analysis for k = 3. (B-C) cumulative function distribution and survival 
analysis of 3 subtypes. (D) Expression profiles and clinicopathological feature correlations of different molecular subtypes. (E-G) KEGG pathway enrich-
ment between A-B, A-C and B-C. (H) Differences in immune infiltration among molecular subtypes
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Fig. 4 Functional enrichment analysis of differentially expressed genes in different molecular subtypes. (A) principal component analysis. (B) Differential 
genes at the intersection of different molecular subtypes. (C-D) GO and KEGG analysis of differential genes among different molecular subtypes
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Fig. 5 Establishment and characterization of different gene subclusters of TEASEs. (A) Co-cluster analysis of differential genes related to prognosis. (B) 
The cumulative distribution function shows that k = 2 is the optimal number of subtypes. (C) Survival prognostic analysis of two gene subclusters. (D) 
Expression patterns of the 2 gene subclusters. (E) Differential expression of TEASEs between subcluster A and subcluster
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Fig. 6 Establishment of risk model. (A-B) LASSO regression for screening model genes. (C) Relationship between different molecular subtypes, gene 
subclusters, risk scores and survival prognosis. (D-E) The 3 Molecular subtypes and the 2 gene subclusters risk score differences. (F) Expression differences 
of TEASEs in different risk groups

 



Page 10 of 25Liu et al. Cancer Cell International          (2024) 24:294 

Additionally, the risk score comparison of 3 TEASEs 
subgroups and 2 TEASEs gene subclusters was further 
shown in Fig.  6D-E. Furthermore, the variance analysis 
of TEASEs between high and low risk clusters was pre-
sented in a boxplot (Fig. 6F).

Survival prognostic analysis of the model
Survival prognosis exploration of general queue, train-
ing queue, and test queue was conducted, respectively. 
Differences in survival outcomes, survival status, sur-
vival ratio, risk score dispersion, and gene expression 
profile for each cohort were shown (Fig.  7A-R). It was 
revealed that the high-risk cluster was associated with 
more deaths and the worst survival prognosis of each 
cohort. We next evaluated the feature of the risk signa-
ture in terms of clinicopathologic factors (Age and Glea-
son score) for prostate cancer (Fig.  8A-C). The survival 
outcomes consistently favored the low-risk patients, sur-
passing those of the high-risk patients in all age groups 
(Age < = 65 and Age > 65). In addition, patients with a 
gleason score > 7 exhibited a notably poorer survival out-
come. To increase the generalizability of our risk model, 
we again validated the prognosis of biochemical recur-
rence in prostate cancer patients from GEO database 
(GSE54460) (Fig.  8D). The KM analysis also suggested 
that the high-risk patients had a higher likelihood of a 
biochemical recurrence. Next, we performed ROC curve 
plotting and GSEA analysis for different risk groups. The 
result was shown in the supplementary Figure S2. We 
found that WNT and TGFβ were enriched in the high-
risk group, while JAK/STAT was enriched in the low-risk 
group. At the same time, the accuracy of survival progno-
sis for 3, 5 and 8 years was 0.642, 0.703 and 0.683.

Immunotherapy assessment of risk models
Previous studies have proved that cancer immuno-
therapy, particularly immune checkpoint inhibitors, has 
opened new horizons in tumor treatment. However, the 
efficacy of immunotherapy is affected by various fac-
tors, such as the infiltration of immune cells, particularly 
CD8 T cells, and immune checkpoint expression [8, 9]. 
The IME of different risk clusters was analyzed, revealing 
that the immune score and matrix score in the low-risk 
cluster were higher than those in the high-risk clus-
ter (Fig.  8E). The endings of immune checkpoints sug-
gested that the majority of the checkpoints were more 
enriched in the low-risk group, indicating that the low-
risk patients may derive more substantial benefits from 
immunotherapy such as checkpoint inhibition (Fig.  8F). 
In the analysis of immune function, it was found that 
the low-risk group displayed a higher likelihood of being 
involved in the regulation of immune function than the 
high-risk group (Fig.  8G). The analysis of immune cell 
infiltration of model genes suggested that all 9 genes were 

associated with immune cells (Fig.  8H). Simultaneously, 
the majority of immune cells infiltration also presented 
an adverse association with our risk score (Fig.  8I). To 
further explore the value of the risk signature in immu-
notherapy, immunotherapy prognoses in the IMvigor210 
cohort (Fig. 9A-E), the GSE78220 cohort (Fig. 9F-H), and 
the TCIA database (Fig. 9I-L) were verified. The patient’s 
response to immunotherapy status was recorded as par-
tial response (PR)/ complete response (CR), and pro-
gressive disease (PD)/stable disease (SD). In IMvigor210 
cohort, the survival duration of all stage patients in the 
low-risk group was longer than those in the high-risk 
group (Fig. 9A), no matter for stage I-II (Fig. 9D) or stage 
III-IV patients (Fig. 9E). The curative effect of immuno-
therapy suggested that lower response rates were associ-
ated with higher risk scores (Fig. 9B), and the proportion 
of PD/SD patients in the high-risk group was also higher 
(Fig.  9C). In GSE78220 cohort, the prognosis in high-
risk patient cohort was also poorer (Fig.  9F). Patients 
with a high-risk score were more likely to experience 
PD (Fig.  9G), while those achieving PR/CR were pre-
dominantly concentrated in the low-risk group (Fig. 9H). 
Upon acquiring immunotherapy data for prostate cancer 
from TCIA, it was evident that across various treatment 
modalities including single-agent anti-CTLA-4 or anti-
PD-1 therapies, as well as combination therapy involving 
both strategies, patients within the low-risk group consis-
tently demonstrated more substantial benefits (Fig. 9I-L).

Relevance analysis of risk characteristics and tumor 
mutagenicity and stemness
The TMB in patients of different risk status was com-
pared. The high-risk group represented a higher muta-
tion burden with a poorer prognosis, showing a positive 
correlation between risk score and TMB (Fig.  10A-C). 
Subsequently, the characteristics of somatic mutations 
in all patients of different risk status were explored. The 
findings revealed that the top six genes with the top 
mutation frequency in the high-risk cluster were SPOP, 
TP53, TTN, KMT2D, SPTA1, and MUC16, whereas 
SPOP, FOXA1, TTN, TP53, KMT2D and SYNE1 for the 
low-risk cluster (Fig. 10D-E). Cancer stem cells have pre-
viously been shown to have an important effect in the 
initiation, growth, and recurrence of prostate cancer [10]. 
In the stem analysis of risk groups, high-risk scores were 
generally associated with high tumor stemness (Fig. 10F).

Sensitivity analysis of chemotherapy drugs in different risk 
groups
According to the constructed model, the ‘pRRophetic’ 
package was utilized to assess the sensitivity of commonly 
used clinical or research drugs in prostate cancer. It was 
shown that bexarotene, bleomycin, bortezomib, dasat-
inib, erlotinib, etoposide, imatinib, lapatinib, nilotinib 
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Fig. 7 Risk model survival prognosis. Survival analysis, survival proportions, survival status, risk score curves and gene expression heat maps for the (A-F) 
general cohort, (G-L) training cohort and (M-R) test cohort
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Fig. 8 Clinicopathological correlations and immune signatures in different risk groups. (A) age < 65, (B) age > 65, (C) Gleason7-10 and (D) biochemical 
recurrence comparison in high and low risk groups. (E) Differences in tumor microenvironment between high and low risk groups. (F) Expression of im-
mune checkpoints in high and low risk groups. (G) Analysis of immune function in high and low risk groups. (H) Correlation between model genes and 
immune cell infiltration. (I) Correlation between risk score and immune cell infiltration
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and shikonin had a stronger sensitivity in the low-risk 
group, while camptothecin, cytarabine, docetaxel, met-
formin and vinblastine had smaller IC50 values in the 
high-risk group (Fig. 11). In summary, it was shown that 
the TEASEs model was closely related to drug sensitivity.

ZWINT as a novel marker contributing to prostate cancer 
diagnosis and prognosis
ZWINT was found enriched in the high-risk groups 
upon performing a differential expression analysis of the 
risk groups for model genes (Supplementary Figure S1), 
suggesting that ZWINT may have an essential role in 
prostate cancer progression. The immunohistochemistry 
results revealed that the quantity of ZWINT in prostate 
cancer tissues was significantly higher in comparison 

to benign prostatic hyperplasia tissues (Fig.  12A). The 
analysis results in the UALCAN and GEPIA2 databases 
also proved that the quantity of ZWINT progressively 
increased with higher Gleason score in prostate cancer 
patients, which was associated with a poorer prognosis 
(Fig. 12B-D). Then, ZWINT single-cell analysis using the 
data from the TISCH2 database (GSE137829 (Fig.  13A 
and E) and GSE143791 (Fig. 13F and J)) was conducted. It 
was found that ZWINT was expressed in various types of 
cells, particularly malignant cells.

In summary, ZWINT had the prospect to become a 
new diagnostic and prognostic marker for prostate can-
cer. Such hypothesis was verified by in vitro experiments. 
The outcomes of western blot suggested that DU-145 and 
PC-3 exhibited the highest levels of ZWINT expression, 

Fig. 9 Immunotherapy response in high- and low-risk groups. Survival prognosis of different risk groups in the IMvigor210 cohort in (A) all stages, (D) 
early stage, and (E) advanced stage. (B-C) IMvigor210 immunotherapy response status and distribution in different risk groups. (F-H) Survival prognosis, 
immunotherapy response status and distribution of different risk groups in the GSE78220 cohort. (I-L) Immune checkpoint inhibitor sensitivity analysis 
of four subtypes
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Fig. 10 Tumor mutation burden and stem cell correlation analysis. (A-B) Mutation burden and survival prognosis in different risk groups. (C) Correlation 
of risk scores with TMB. (D-E) Somatic mutation frequency in high-risk and low-risk groups. (F) Correlation analysis of risk score and cell stemness
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Fig. 11 Sensitivity analysis of chemotherapy drugs in different risk groups (A-O).
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and the knockdown efficiency of si-ZWINT#1 and si-
ZWINT#2 was also the highest (Fig.  14A-B). To inves-
tigate the proliferation impact of ZWINT, EDU and 
CCK-8 assays were performed. The findings suggested 
that the proliferation ability of cells treated with si-
ZWINT#1 and si-ZWINT#2 was lower than that of in 
si-NC-treated group (Fig. 14C-D). We then further tested 
the invasion and migration effect of ZWINT in vitro. The 
results of transwell assay showed that the knockdown of 
ZWINT notably inhibited the invasion and migration 
ability of DU-145 and PC-3 in vitro (Fig. 14E-F). Overall, 
these outcomes revealed that ZWINT contributed to the 
malignant progression of prostate cancer.

ZWINT plays an essential role in prostate cancer growth 
and metastasis in vivo
To investigate the tumorigenic effect of ZWINT in vivo, 
ZWINT-KD and control PC3 cell lines were injected into 
mice subcutaneously to construct a xenograft model. The 
body weight of mice was measured every 2 days to moni-
tor their growth (Fig. 15A). Fourteen days post injection, 

it was shown that downregulation of ZWINT signifi-
cantly reduced tumor weight and volume (Fig.  15B-E) 
and distant metastatic ability (Fig.  15F). These findings 
supported that ZWINT played a notable regulatory func-
tion in prostate cancer development in vivo.

Discussion
Currently, androgen deprivation therapy remains the pri-
mary treatment approach for prostate cancer. However, 
as the disease progresses, prostate cancer can evolve 
into castration-resistant prostate cancer (CRPC). CRPC 
is characterized by drug resistance, an increased risk of 
distant metastases, and a generally poorer prognosis, 
making it a challenging phase in the management of the 
disease [11–13]. Hence, it is indispensable to develop a 
reliable model to evaluate the prognosis and treatment 
outcome of prostate cancer patients.

Immunotherapy has revolutionarily transformed the 
treatment landscape for various types of cancer. How-
ever, prostate cancer today still shows limited sensitiv-
ity to immunotherapy due mainly to its classification as 

Fig. 12 Expression and survival significance of ZWINT in prostate cancer. (A) Immunohistochemical staining of ZWINT in tumor tissue and benign tissue. 
(B-D) Survival prognosis of ZWINT and its correlation with Gleason score and lymph node metastasis status. N0: No lymph node metastasis. N1: Lymph 
node metastasis
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Fig. 13 ZWINT single cell data analysis. (A-C) GSE137829 associated subclusters, cell subtypes and cell subtype ratio. (F-H) GSE143791 associated sub-
clusters, cell subtypes and cell subtype ratio. Distribution of ZWINT in (D, I) cell subclusters and (E, J) cell expression
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Fig. 14 ZWINT cell functional experiment. (A) Expression of ZWINT in prostate cancer cell lines. (B) ZWINT knockdown efficiency. (C-D) Cell proliferation 
experiment including CCK-8 and EDU. (E-F) Transwell assay to verify invasion and migration ability
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Fig. 15 Effect of ZWINT on tumorigenesis in mice. (A) Body weight change of nude mice. (B-E) Mass and volume of subcutaneous tumors in nude mice. 
(F) Metastatic status of cervical lymph nodes in two groups of nude mice
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a “cold” tumor type. There is an urgent need to further 
understand the TME of prostate cancer and improve the 
immunotherapy outcome for it [14]. Although cellular 
aging and cancer development seem to be two distinct 
processes, they show close associations and interactions 
that are sophisticated with each other [15]. For example, 
telomerase serves as a shared mediator for aging and 
cancer [6]. Telomerase, with the main function to main-
tain the length of telomeres in cells, can interact with 
telomere and transform with telomere alternative length-
ening mechanisms, thereby promoting cancer cell devel-
opment [16]. Meanwhile, extremely shortened telomeres 
are positively correlated with increased instability of the 
genome and can promote early progression of cancer [6]. 
At present, the activation of telomerase can be used as a 
marker for most cancer types. The inhibition of telom-
erase activity is emerging as a new therapeutic strategy 
for cancer treatment, as it disrupts the maintenance telo-
mere length in cancer cells, limiting tumor replication 
[17].

In the present study, specific molecular genetic altera-
tions within TEASEs have been identified. A cluster 
analysis of TEASEs was performed to categorize dis-
tinct molecular subtypes. The biological process (BP), 
cell components (CC) and molecular functions (MF) of 
differential genes among different molecular subtypes 
were closely associated with cell and cell matrix adhe-
sion. KEGG results showed that the above differential 
genes are related to PI3K-AKT and Ras signaling path-
ways. Previous studies have shown that abnormal adhe-
sion of the vasculature and activation of the PI3K-AKT 
and Ras signaling pathways can affect the homing of T 
cells to tumors and thus affect the efficacy of immune 
checkpoint inhibitors (ICI) [18]. This further underscores 
the immunotherapeutic value of TEASEs. Following this, 
41 key genes were obtained in differentially expressed 
genes from different molecular subtypes by uniCox prog-
nostic analysis. We first established 2 gene subclusters 
through the above genes, and then obtained 9 model 
genes through LASSO regression and multiCox regres-
sion analysis.

The risk signature includes FOSL2, KLF10, SELL, 
SPARCL1, PLS3, ZWINT, ROBO1, PDGFC and BANK1. 
They were all associated with the malignant biological 
behavior of tumors. FOSL2 was reported to be responsi-
ble for VEGF-independent angiogenesis in breast cancer 
by activating Wnt5a in breast cancer-associated fibro-
blasts [19]. KLF10 serves as a tumor suppressor gene and 
can result in cancer cell apoptosis [20]. SELL can affect 
the immunotherapy prognosis of hepatocellular tumor 
via LINC00261/MiR105-5p/SELL pathways [21]. Over-
expression of SPARCL1 in ovarian cancer can signifi-
cantly inhibit the MEK/ERK pathways, thereby inhibiting 
the migration and proliferation of cells [22]. High PLS3 

expression was reported to be associated with poorer 
prognosis of pancreatic cancer and contributes to can-
cer cell proliferation via PI3K/AKT pathways [23]. Under 
hypoxic conditions, ZWINT can activate the p53/p21 
pathway to promote pancreatic cancer proliferation [24]. 
PRRG4 can downregulate ROBO1 in breast cancer, lead-
ing to the activation of protein tyrosine kinase Src and 
FAK and contributing to the migration of breast cancer 
cells [25]. PDGFC can induce liver fibrosis, lipoatrophy, 
and hepatocellular carcinoma [26]. BANK1 functions as 
a tumor suppressor for the development of B cell lym-
phoma [27].

Prognostic analysis results showed that patients in 
the high-risk group had worse survival prognosis and 
higher chances of biochemical recurrence. Subsequently, 
we compared the expression distribution of model 
genes in risk groups and found that ZWINT was abun-
dantly enriched in the high-risk group. This suggested 
that ZWINT was a high-risk factor in the progression 
of prostate cancer. We explored the level expression of 
ZWINT in prostate cancer, and the results from immu-
nohistochemistry suggested that ZWINT was enriched 
in cancer tissues to a higher extent than benign tissues. 
In single-cell data analysis, it was also observed that 
ZWINT expression was enriched in malignant tumor 
cells. In addition, the findings of GEPIA2 and UALCAN 
revealed that ZWINT had a worse prognosis and was 
closely related to the Gleason score. Meanwhile, in vitro 
and in vitro experiments showed that interference with 
the expression of ZWINT can lead to the inhibition of 
cancer cell proliferation, migration and invasion.

The current role of telomerase as a broad tumor-asso-
ciated antigen facilitates telomerase-targeted immu-
notherapy [28]. In particular, the reverse transcriptase 
in telomerase which serves as a tumor target antigen, 
is expressed in more than 85% of the malignancies, 
although it is also found in normal cells such as testicular 
cells, hematopoietic stem cells and activated lymphocytes 
[29]. Therefore, telomerase may be a good immunother-
apy target with a wide coverage. Subsequently, immune 
correlation analysis on the telomerase signature gene 
was performed. Significant differences in immune scores, 
stromal scores across different risk groups were found, 
indicating that the genetic signature can effectively assess 
the composition of prostate cancer TME. Immune cells 
in the TME play an important role in tumor develop-
ment, affecting the outcome of immunotherapy [30]. In 
the following immune cell infiltration assay, the model 
genes were all found to be associated with immune 
cell infiltration. We found that M2 macrophages were 
enriched in the high-risk group, and M2 macrophages 
have been reported to predict poor prognosis in prostate 
cancer. This is also consistent with the prognosis of our 
high-risk group [31]. At the same time, the risk score was 
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inversely correlated with the infiltration of most immune 
cells, especially CD8 T cells. In the analysis of immune 
function and the expression of immune checkpoints, we 
also found that the expression of T cell inhibitory check-
points LAG3 and HAVCR2 (TIM3) in the low-risk group 
was significantly higher than that in the high-risk group. 
Taken together, these findings suggested that the tumors 
within the low-risk group were more likely to transform 
into “hot” tumors upon receiving immunotherapy, con-
ferring better immune responses.

To validate this hypothesis, we downloaded the pros-
tate cancer TCIA IPS data. The data suggested that the 
low-risk patients may be more sensitive to CTLA-4 or 
PD-1 inhibitors. The low-risk group in the IMvigor210 
and GSE78220 cohorts also displayed a stronger anti-
tumor response. In addition to immunotherapy, che-
motherapy also had an essential effect in the treatment 
of tumors. We assessed the IC50 of chemotherapeutic 
drugs in different risk groups and identified the spe-
cific chemotherapeutic agents to which prostate cancer 
in these groups exhibited sensitivity. TMB is currently 
considered a novel marker for assessing the response 
to immunotherapy. High TMB indicates a stronger 
immunogenicity, which can bolster anti-tumor immune 
responses [32]. We evaluated TMB and somatic muta-
tion frequency in different risk groups. Interestingly, 
despite the low TMB levels exhibited by low-risk group, 
the low-risk group derived greater benefits from immu-
notherapy. This outcome was likely to result from differ-
ent factors. Firstly, not all patients with high TMB can 
benefit from immunotherapy, since not all neoantigens 
generated are immunogenic and confer protection [33]. 
Secondly, it was reported elsewhere that prostate can-
cer patients with low TMB but high CD8 T cell infiltra-
tion density can also benefit from immunotherapy [34]. 
We also found that SPOP, TP53 and KMT2D had higher 
mutation frequencies in all risk groups. The mutations of 
the above 3 genes have been shown to play an essential 
role in the occurrence and development of prostate can-
cer [35–37], indicating their great potential as molecular 
targets for prostate cancer treatment. In molecular clas-
sification of prostate cancer, Meng et al. reported differ-
ent immune subtypes and molecular systems PMOC in 
prostate cancer [38, 39]. Among immune subtype classifi-
cations, the immunosuppressive subtype is characterized 
by WNT and TGF-β activation and has a low immuno-
therapy response rate. Our high-risk group shared the 
above-mentioned characteristics similar to the immuno-
suppressive subtype, whereas the low-risk group repre-
sented another immune-activated subtype. In the PMOC 
classification, PMOC1 has JAK/STAT3 activation and 
poor survival prognosis and is considered an immune-
activated status with high expression of PD1/PD-L1 
and CTLA4, which is similar to our low-risk group. The 

low- risk group may benefit more from immunotherapy. 
PMOC2 is characterized by oxidative phosphorylation 
and has the worst prognosis, accompanied by a high 
tumor mutation burden represented by SPOP and TP53 
mutations, which is similar to our high-risk group. Meng 
et al. also reported on the prognosis of prostate cancer 
models [40–42]. The accuracy of our model for 5-year 
survival prognosis is better than the performance of 
above existing models in GSE70768, TCGA-PRAD, and 
GSE116918, and the accuracy of 3-year survival progno-
sis is better than the performance of GSE116918. In sum-
mary, we constructed new TEASEs signatures to better 
predict prostate cancer prognosis. Tailoring treatment 
strategies based on the risk groups to which prostate can-
cer patients are assigned can help maximize the thera-
peutic benefits for each individual.

Materials and methods
Data sources and disposal
TEASEs were retrieved from the GSEA database (https://
www.gsea-msigdb.org/gsea/index.jsp) (Supplementary 
Table S2) [43]. Files encompassing 553 cases of genome 
transcription data, 500 cases of clinical data and 487 
cases of gene mutation data associated with prostate can-
cer were downloaded from the TCGA database (https://
www.cancer.gov/ccg/research/genome-sequencing/tcga) 
[44]. Transcriptome data was converted from FPKM to 
TPM. Copy number alteration datum was retrieved from 
the UCSC Xena [45]. Subsequently, 281 cases of prostate 
cancer transcriptome data and clinical data (GSE16560) 
in the GEO database (https://www.ncbi.nlm.nih.gov/
geo/) were merged with TCGA datum and used as a 
training queue and a test queue [46]. GSE54460 was used 
as an external validation cohort, whereas GSE78220 [47], 
IMvigor210 cohort [48] and the TCIA database (https://
tcia.at/home) [49] were used to predict the response of 
different risk groups to immunotherapy. The cohort 
information was shown in Supplementary Table S3.

Molecular genetic changes in TEASEs
The ‘maftools’ package was used to visualize TEASEs 
mutation data and ‘RCiros’ package was used to visual-
ize copy number changes in TEASEs on chromosomes. 
Then, wilcox test was used to analyze the differential 
expression levels of TEASEs in tumor samples and nor-
mal samples (p < 0.05 was considered statistically signifi-
cant). TEASEs prognostic network diagram was drawn 
using ‘igraph’ package.

Establishment of molecular subtypes and gene subclusters 
related to TEASEs based on co-clustering analysis
K-means co-clustering analysis was performed using the 
‘ConsensusClusterPlus’ package and classified 781 pros-
tate cancer patients into 3 distinct molecular subtypes. 

https://www.gsea-msigdb.org/gsea/index.jsp
https://www.gsea-msigdb.org/gsea/index.jsp
https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://tcia.at/home
https://tcia.at/home
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The ssGSEA algorithm was used to score the infiltration 
abundance of immune cells among different molecular 
subtypes according to immune cell gene sets (Supple-
mentary Table S4) and their corresponding gene expres-
sion in different subtypes. The kruskal.test method was 
used to perform a differential analysis on the mean values 
of the scores where p < 0.05 was considered statistically 
significant. Subsequently, uniCox prognostic analysis of 
DEGs from different molecular subtypes was performed 
and DEGPs were obtained. Two gene subclusters was 
established by co-clustering analysis of DEGPs. The rela-
tionship between 3 molecular subtypes and 2 gene clus-
ters and the clinicopathological features including N/T 
stage, gleason score and age were displayed in the form 
of heatmap. The ‘survival’ and ‘survminer’ packages were 
utilized to perform prognostic analysis in molecular and 
gene subclusters.

Analysis of biological functions among different molecular 
subtypes
The ‘limma’ package and ‘ggplot2’ package were used to 
conduct principal component analysis on three molecu-
lar subtypes to assess the rationality of the classification. 
GSVA analysis was used to identify enriched pathways 
among different molecular subtypes. To explore the dif-
ferent IME among molecular subtypes, ssGSEA analysis 
was also employed to analyze immune cell infiltration 
status in different subtypes. DEGs in three molecular 
subtypes was then screened based on the following stan-
dards: the fold change and adjusted p value were set at 
1.2 and 0.05, respectively. Finally, the ‘org.Hs.eg.db’ and 
the ‘enrichplot’ packages were applied to perform GO 
and KEGG on the above differential genes to understand 
their related biological functions and pathways.

Establishment of risk model and prognostic analysis
Prostate cancer patients from TCGA-PRAD and 
GSE16560 were randomly divided into two cohorts, the 
training and test groups, with an equal 1:1 ratio. LASSO 
regression analysis on DEGPs was then performed using 
the ‘glment’ package to reduce the risk of overfitting, 
and finally multiCox regression analysis was employed 
to screen for telomerase-related model genes. The risk 
score for each patient was calculated using the following 
equation:

 
Risk score =

∑ n

a=1
coef (genea )*exp( genea)

coef (genea ) represents the gene-related risk coefficient 
and exp (genea ) stands for the gene expression rating. 
The survival prognosis was compared across different 
groups based on the median risk score, encompassing 
survival status, survival ratio, and distribution of risk 

scores. The validation cohort was used to conduct bio-
chemical recurrence prognostic analysis of the risk 
signature. The relationship between TEASEs-related 
molecular subtypes and gene subclusters and risk score 
was displayed in the form of a Sankey diagram through 
the ‘ggalluvial’ package.

Characteristics of the IME and prediction of the 
immunotherapy response in the risk signature
The immune infiltration status of the signature genes was 
evaluated using the CIBERSORT algorithm. The immune 
checkpoint expression analysis and immune-related 
function analysis was then performed for different risk 
groups. The ESTIMATE method was employed to evalu-
ate the TME score consisting of immune and stromal 
scores. ssGSEA algorithm was used to calculate immune-
related function scores for different risk groups based 
on immune function-related gene sets (Supplementary 
Table S5) and their corresponding gene expression in 
high and low-risk groups. The score level indicated the 
correlation strength with immune function. The wilcox.
test method was used to perform a differential analysis 
on the mean values of the scores and the different expres-
sion level of immune checkpoint genes in different risk 
groups (p < 0.05 was considered statistically). To better 
explore the utility of the risk model for predicting immu-
notherapy response using checkpoint inhibitor as the 
main treatment approach, the performance of our model 
using immunotherapy cohort and external databases 
were validated.

Evaluation of tumor mutation, stemness, and drug 
sensitivity
The connection between TMB, cancer cell stemness, and 
risk score and used ‘maftools’ package were analyzed to 
evaluate the frequency of somatic mutations among vari-
ous risk groups. Meanwhile, ‘pRRophetic’ package was 
employed to detect the IC50 of chemotherapy agents 
among patients of different risk groups to evaluate their 
sensitivity to different chemotherapy drugs.

Cell culturing
Prostate cancer cell lines were obtained from the Chi-
nese Academy of Medical Sciences. In brief, 10% fetal calf 
serum (HAKATA) with 1% streptomycin and penicillin 
(100units/ml, Solarbio) was added to the basal RPMI1640 
medium (Biological Industries). The incubator was main-
tained in a humid environment with a temperature of 
37 °C under 5% CO2.

Expression and survival analysis of ZWINT
Pathological tissues of prostate cancer and benign pros-
tatic hyperplasia were selected to make paraffin embed-
ding and sectioning. The immunohistochemical antibody 
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was obtained from Abcam (ab252950), and the DAB 
staining reagent was obtained from Zhongshan Jinqiao 
(ZLI-9018). Western blot was employed to detect the 
expression and knockdown of ZWINT. RIPA lysate with 
PMSF (100:1) was used to lyse cells at 4°C for 60 min-
utes, followed by centrifuging the cells at 11,000 rpm for 
20 minutes to obtain the entire protein. Protein density 
was determined using BSA kit (Solarbio). 10% SDS/PAGE 
gel was used for protein electrophoresis and transferred 
to a NC membrane. Bands were incubated with ZWINT-
related antibodies (Abcam, ab252950) and GAPDH-
related antibodies (Proteintech) overnight at 4°C. ECL 
kit (Solarbio) was used to detect the binding status of the 
secondary antibody conjugated to HRP. The si-ZWINT 
sequence is as follow: si-ZWINT#1 (5’-GCA CGT AGA 
GGC CAT CAA A-3’), and si-ZWINT#2 (5’- GAA CCA 
GTG GCA GCT ACA A-3’). NC was used as the negative 
control. The relationship between ZWINT and clinico-
pathological parameters of prostate cancer was obtained 
from the UALCAN database (https://ualcan.path.uab.
edu/index.html) [50], and the survival prognosis of 
ZWINT was obtained from the GEPIA2 database (http://
gepia2.cancer-pku.cn/#index) [51].

The expression level of ZWINT promotes the malignant 
biological behavior of prostate cancer cell lines
The single-cell data of ZWINT in prostate cancer was 
retrieved from the TISCH2 database (http://tisch.comp-
genomics.org/) [52]. CCK-8 and EDU experiments were 
utilized to observe the regulation of ZWINT on the pro-
liferation of PC-3 and DU145. Three groups of cells at a 
number of 2000 cells per well were spread and measured 
under the absorbance at 450  nm for 3 consecutive days 
using CCK-8 reagent (APExBIO). In the EDU experi-
ment, 3 groups of cells were incubated with the EDU 
kit (Abbkine) and observed under a fluorescence micro-
scope. Transwell assay was employed to validate the 
effect of ZWINT on migration and invasion ability of the 
cell lines. Matrix gel was poured into the upper cham-
ber to verify the invasion ability, while PC-3 and DU145 
cell lines were pre-starved for 12 h and then added to the 
upper plate. The 1640 medium with 10% serum was then 
added to the lower dish. After 48  h of cell culture, the 
upper plate was fixed using paraformaldehyde for 25 min 
and stained with 0.1% crystal violet for 15  min. The 
upper chamber matrixgel was removed, and the above 
steps were repeated to verify the transfer ability. For the 
scratch healing assay, cells were plated on a six-well plate 
and scratched with a pipette tip, then rinsed with PBS. 
Photos were taken under a microscope at 24 h and 48 h 
respectively.

Tumor xenografts in nude mice
ZWINT knockdown lentiviral vector was purchased 
from GenePharma and ZWINT knockdown was abbre-
viated as ZWINT-KD. ZWINT-KD and control PC3 cell 
lines were used for mouse xenografting, and 5 × 106 PC3 
cells were subcutaneously injected into the dorsal side 
of 8 BALB/c nude mice (4–6 weeks old, 4 mice/group). 
The body weight of the mice was measured every 2 days, 
and the tumor was removed from the mice 14 days post 
injection to measure the mass and volume (0.5 × Length 
× Width) of the tumor. Subsequently, cervical lymph 
node DNA extraction and amplification of human Alu 
sequence PCR were performed to investigate the status 
of distant metastases [53].

Data statistics and evaluation
The assessment and statistics of bioinformatics data were 
completed by R platform (R 4.1.3), and the cell counting 
and graphing were accomplished by ImageJ and Graph-
Pad Prism version 7.0. *, **, *** indicate p value < 0.05, p 
value < 0.01 and p value < 0.001, respectively.

Conclusion
The risk characteristics associated with TEASEs pre-
liminarily elucidated the molecular genetic changes 
of prostate cancer patients and effectively predicted 
the survival prognosis of patients. ZWINT, a high-risk 
group-enriched gene, promoted the malignant biologi-
cal behavior of prostate cancer and had the potential to 
become a new diagnostic and prognostic marker. Impor-
tantly, the risk profile further revealed the immune 
microenvironment and drug sensitivity for chemotherapy 
within prostate cancer patients. This information serves 
as a crucial foundation for the precise design of subse-
quent immunotherapy and chemotherapy.
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