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Background: Clear cell renal cell carcinoma (ccRCC) is more prone to metastasis and is associated with a 
poorer prognosis than renal cell carcinoma (RCC). Numerous studies have reported a correlation between 
the expression of glycosyltransferases (GTs)-related genes and tumor. We aimed to establish a risk model 
based on GTs-related genes in ccRCC, and explore their correlation with tumor immune characteristics and 
treatment sensitivity.
Methods: The messenger ribonucleic acid (mRNA) expression data were retrieved from The Cancer 
Genome Atlas (TCGA). Univariate, least absolute shrinkage and selection operator (LASSO), and 
multivariate Cox regression were used to construct prognostic model. Kaplan-Meier survival and receiver 
operating characteristic (ROC) curves were used to evaluate the accuracy of the model. Calibration 
curves and decision curve analysis (DCA) curves were used to evaluate the model. The quantitative real-
time polymerase chain reaction (qRT-PCR) was applied to detect the expression of the signature genes in 
human renal epithelial cells and human renal cancer cells. The ESTIMATE algorithm was used to estimate 
the immune scores in tumor tissues. Single-sample gene set enrichment analysis (ssGSEA) was used to 
evaluate the immune microenvironment. Tumor Immune Dysfunction and Exclusion (TIDE) and immune 
checkpoint analysis were used to assess the benefit of immunotherapy. Tumor mutational burden (TMB) 
analysis was used to calculate the frequency of gene mutations. Susceptibility to anticancer drugs in different 
risk groups was also analyzed.
Results: Four signature genes were identified as potential biomarkers, and the prognostic model 
demonstrated good predictive performance. qRT-PCR results were consistent with the actual predictions, 
confirming the credibility of the signature genes. The high- and low-risk groups exhibited different 
abundance and enrichment of immune cell infiltration. The high-risk group exhibited a higher frequency 
of tumor mutations than the low-risk group. TIDE and drug sensitivity analysis results demonstrated 
appropriate treatments for different risk groups, respectively.
Conclusions: A prognostic model for ccRCC with four signature genes, was established and demonstrated 
high predictive performance. Four signature genes provided a foundation for studying the mechanism of 
GTs-related genes in ccRCC progression.
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Introduction

In 2022, there were 434,419 new cases of kidney cancer 
globally, constituting 2.2% of all cancer incidences, and 
155,702 deaths, representing 1.6% of total cancer fatalities. 
The incidence and mortality rates of kidney cancer are 
influenced by regional factors and are generally higher 
in countries with a high Human Development Index 
(HDI) (1,2). This disease predominantly affects males, 
with primary risk factors including smoking, obesity, 
hypertension, and a familial history of kidney disease (3). 
Kidney cancer classification primarily depends on the 
cytological and structural characteristics of the tumor, 
as well as its immunohistochemical expression profile. 
The World Health Organization (WHO) recognizes 
14 subtypes of kidney cancer, with clear cell renal cell 
carcinoma (ccRCC) being the most common (4). The 
metastasis rate of ccRCC is closely associated with the 

disease stage at diagnosis (5). Although surgery significantly 
improves survival rates, approximately 30% of patients still 
experience metastasis post-operation, and they exhibit a 
worse prognosis compared to those with other subtypes (6).  
Recently, immunotherapy, including treatments with 
immune checkpoint inhibitors such as nivolumab and 
pembrolizumab [programmed death 1 (PD-1) inhibitors] 
(7,8), and ipilimumab (cytotoxic T-lymphocyte associated 
antigen inhibitor) (9), has been widely adopted for ccRCC 
patients. Nevertheless, due to the immunological diversity 
among patients, devising an optimal treatment strategy 
remains a major challenge (10).

Against this backdrop, multiple studies have provided 
crucial evidence for clinical practice and revealed issues 
that urgently need to be addressed. A real-world study (11) 
compared the efficacy of two immunotherapy combinations, 
immune oncology (IO) + tyrosine kinase inhibitor (TKI) 
and IO + IO, in patients with advanced renal cell carcinoma 
(RCC). It was found that in patients with moderate-risk 
RCC, overall survival (OS) and progression-free survival 
(PFS) were significantly better with IO + TKI treatment than 
with IO + IO. However, in high-risk patients, there was no 
difference in efficacy between the two treatment regimens. 
This result not only indicates that risk stratification is an 
important basis for choosing combination treatment regimens 
but also reflects the complexity of RCC treatment decisions. 
A recent meta-analysis (12) showed that an increase in the 
Royal Marsden Hospital (RMH) score was significantly 
associated with a poor prognosis. This study once again 
demonstrates the importance of risk stratification and 
provides a standardized tool for RCC risk stratification. 
However, the clinical application of immunotherapy 
still faces two core issues. The first is the mechanism of 
drug resistance. A review study (13) pointed out that the 
dynamics of immunotherapy resistance in patients with 
advanced RCC involve multiple mechanisms, such as 
tumor microenvironment remodeling and activation of 
immune escape pathways. The second is treatment-related 
toxicity. Immunotherapy may cause various organ-specific 
side effects (14). In addition, significant progress has been 
made in the research of prognostic biomarkers. For the 
neutrophil-to-eosinophil ratio (NER), an increase in the 
pre-treatment NER level was significantly associated with 
a shortening of OS/PFS in cancer patients (15), suggesting 
that it can be used as a dynamic monitoring indicator. In 
conclusion, the treatment and prognosis assessment of 
advanced RCC require comprehensive consideration of 
multiple factors. Future research should further explore 
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Key findings
•	 A prognostic model for clear cell renal cell carcinoma (ccRCC) was 

developed based on four glycosyltransferase (GT)-related signature 
genes (ST8SIA4, GCNT4, LARGE2, and GALNT14).

•	 This model showed high predictive performance for patient 
prognosis and was validated using external datasets, and 
quantitative real-time polymerase chain reaction experiments 
validated the expression levels of the four signature genes, 
confirming their reliability as biomarkers.

What is known and what is new?
•	 GTs play a key role in tumor progression, immune evasion, 

and glycosylation modification. Previous studies have linked 
glycosylation-related genes to cancer, but their prognostic value in 
ccRCC has not been fully explored.

•	 This study identifies and validates four GT-related genes as 
independent prognostic biomarkers for ccRCC. A novel risk 
stratification model was established, demonstrating its clinical 
utility in predicting prognosis, immune characteristics, and drug 
sensitivity.

What is the implication, and what should change now?
•	 This study provides a novel GT-based prognostic model, which 

can help stratify ccRCC patients and predict immunotherapy 
response. The four signature genes could serve as potential 
therapeutic targets for ccRCC.

•	 Future studies should focus on elucidating the molecular 
mechanisms of ST8SIA4, GCNT4, LARGE2, and GALNT14 
in ccRCC. Additionally, large-scale clinical trials are required 
to validate the generalizability of this model across diverse 
populations.
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individualized treatment strategies to improve patient 
prognosis.

The role of glycosyltransferases (GTs) in cancer 
progression has gained increasing attention. These enzymes 
catalyze glycosyl transfer reactions that modify proteins, 
lipids, and polysaccharides, thereby influencing glycosylation 
patterns. These modifications are crucial for processes 
such as cell signaling, cell adhesion, immune evasion, and 
the modulation of the tumor microenvironment (16). For 
example, the GT ST6Gal-I mediates the interaction between 
programmed death-ligand 1 (PD-L1) and PD-1 through 
glycosylation, subsequently inhibiting T-cell activation (17).  
Similarly, GT GnT-V enhances vascular endothelial 
growth factor (VEGF) receptor activity via glycosylation, 
facilitating the development of tumor vasculature and 
enhancing the supply of nutrients and oxygen to tumor 
cells (18). Moreover, tumor-associated glycosylation 
modifications serve as biomarkers for early cancer diagnosis. 
For example, CA19-9 is a widely recognized serum marker 
for pancreatic cancer (19). Importantly, in addition to 
serving as biomarkers, monoclonal antibodies targeting 
glycosylation modifications, as well as CAR-T cell therapy, 
have also shown potential in tumor immunotherapy (20,21). 
Although GTs play a significant role in tumor progression 
and treatment, they have not yet been utilized to predict 
prognosis and immunotherapy response in ccRCC.

The Gene Expression Omnibus Database (GEO) is 
a public repository for genomic data, featuring high-
throughput gene expression datasets submitted by research 
institutions worldwide (22). The Cancer Genome Atlas 
(TCGA) compiles comprehensive clinical, pathological, and 
biological information from cancer patients (23). Researchers 
can leverage this data, along with various bioinformatics 
approaches, to identify and predict new diagnostic and 
prognostic biomarkers across different cancer types. Machine 
learning, a branch of artificial intelligence, has numerous 
applications in the medical field. It aids in developing 
informative models and predicting biological phenomena, 
thereby significantly influencing the field of biology.

In this study, we employed univariate Cox, least 
absolute shrinkage and selection operator (LASSO), 
and multivariate Cox regression analyses to develop a 
prognostic model based on GTs-related genes. The benefits 
of immunotherapy in the low- and high-risk groups were 
predicted, and chemotherapy agents more suitable for 
patients in the high-risk group were further identified. The 
prognostic model highlights four signature genes (ST8SIA4, 
GCNT4, LARGE2, and GALNT14) as potential biomarkers 

for ccRCC. Overall, our prognostic model based on GTs-
related genes provides a valuable tool for predicting 
ccRCC patient outcomes and supports the development of 
personalized treatment strategies. We present this article in 
accordance with the TRIPOD reporting checklist (available 
at https://tau.amegroups.com/article/view/10.21037/tau-
2025-21/rc).

Methods

Research population and data collection

The study was conducted in accordance with the 
Declaration of Helsinki and its subsequent amendments. 
Transcriptome messenger ribonucleic acid (mRNA) data 
from 59 normal samples and 535 ccRCC patient samples 
were retrieved from TCGA database (https://portal.
gdc.cancer.gov/) (24). This dataset included additional 
information on mutations, copy number variations (CNVs), 
and corresponding clinical data. The 594 datasets were 
randomly divided into a training set (70%) and a validation 
set (30%). To further validate the model, microarray data 
(GSE29609) with 39 samples were obtained from the 
GEO database (https://www.ncbi.nlm.nih.gov/geo/) as an 
additional validation set. GTs-related genes were obtained 
from related research (Table S1) (25).

Analysis of differential genes associated with GTs

The edgeR package was employed to conduct differential 
expression analysis between normal and tumor samples in 
ccRCC [|log fold change (FC)| >0.585 and false discovery 
rate (FDR) <0.05]. Differentially expressed genes (DEGs) 
in ccRCC were cross-referenced with GTs-related genes 
to identify differentially GTs-related genes (DGRGs). The 
chi-square test was applied to compare CNVs between 
normal and ccRCC tumor samples, specifically focusing on 
the CNVs of DGRGs. The “RCircos” package was utilized 
to illustrate the chromosomal locations of DGRGs. Tumor 
mutational burden (TMB) data were analyzed to evaluate 
the TMB status of these genes. Finally, Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) enrichment analyses were performed on DGRGs 
to identify associated biological processes and functions.

Construction of prognostic markers in ccRCC based on 
DGRGs

Tumor patient samples with a survival duration exceeding 

https://tau.amegroups.com/article/view/10.21037/tau-2025-21/rc
https://tau.amegroups.com/article/view/10.21037/tau-2025-21/rc
https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://cdn.amegroups.cn/static/public/TAU-2025-21-Supplementary.pdf
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30 days were selected from clinical datasets. Univariate Cox 
regression analysis of DGRGs was performed using the 
“survival” package (P<0.05). To mitigate the risk of model 
overfitting and enhance robustness, LASSO regression 
analysis was subsequently applied using the “glmnet” 
package. The penalty parameter lambda was optimized 
through cross-validation to simplify the model and eliminate 
redundant genes. The “survival” package was then used 
again to conduct multivariate Cox regression analysis on the 
candidate genes selected by the LASSO method, aiming to 
identify the final signature genes and construct a prognostic 
model. The formula for the risk score is as follows (The 
“Coef” represents non-zero regression coefficients, and 
“ExpGene” denotes the expression value of a gene derived 
from the prognostic risk score model):

1

iRiskscore Coefi ExpGenei= ∗∑ 	 [1]

The Kaplan-Meier method was used to assess the 
prognostic efficacy of the model. The timeROC package 
was used to generate the receiver operating characteristic 
(ROC) curves and calculate the area under the curve (AUC) 
for 1-, 3-, and 5-year survival predictions. To evaluate 
the model’s robustness and generalizability, independent 
validation was performed using an external dataset, 
including plotting survival and ROC curves.

Gene set enrichment analysis (GSEA)

The samples were divided into high- and low-risk groups 
based on the median risk score, and GSEA was used for 
pathway enrichment in each group. Subsequently, GO, 
KEGG pathway enrichment analyses were carried out for 
differential genes in high- and low-risk groups, respectively.

Nomogram construction and evaluation of ccRCC patients

Clinical data and prognostic model risk scores were utilized 
to generate forest plots. The “rms” package was applied 
to construct nomograms for predicting 1-, 3-, and 5-year 
patient survival rates, while calibration curves and decision 
curve analysis (DCA) were employed to assess the predictive 
accuracy of these nomograms and to determine whether the 
model functions as an independent prognostic factor.

Immune infiltration analysis

Single-sample gene set enrichment analysis (ssGSEA) in 

gene set variation analysis (GSVA) package was used for 
immune enrichment analysis. The ESTIMATE algorithm 
was used to estimate the immune scores in tumor tissues. 
The CIBERSORT algorithm was used to assess the 
correlation between risk scores and the levels of immune 
cell infiltration (26). TIDE (Tumor Immune Dysfunction 
and Exclusion, http://tide.dfci.harvard.edu/) was used to 
calculate tumor immune dysfunction and exclusion scores. 
Differences in the expression of immune-related genes in 
high- and low-risk groups were also calculated.

TMB and drug sensitivity analysis

The mutation data of ccRCC were used to calculate the 
TMB score of each sample. The mutation data of the top 
30 genes was organized and statistically analyzed for the 
high- and low-risk groups, visualized using the GenVisR 
package. The CellMiner database (https://discover.nci.
nih.gov/cellminer/) was employed to identify antitumor 
drugs significantly associated with prognostic genes. The 
pRRophetic package was used to predict the half-maximal 
inhibitory concentration (IC50) of various drugs.

Quantitative real-time polymerase chain reaction (qRT-
PCR) validation of the feature genes

Human renal epithelial cells (HK-2) and renal clear cell 
adenocarcinoma cells (786-O) were obtained from the 
Cell Bank of the Chinese Academy of Sciences (Shanghai, 
China). Cells were cultured in RPMI-1640 medium for the 
gene expression analysis. Total RNA was extracted using 
TRIzol reagent, and cDNA synthesis was performed with 
the PrimerScript RT Reagent Kit (Ugbio, Hangzhou). RT-
PCR was conducted using SYBR Green and the RT-PCR 
System. Cycle thresholds (CT) were determined for each 
sample, and the expression levels of ST8SIA4, GALNT14, 
GCNT4, and LARGE2 were calculated using the 2-ΔΔCT 
method. Primer sequences are listed in Table 1.

Statistical analysis

Data analysis was performed using the statistical software 
R (version 4.4.1) and related packages. Survival analysis 
was conducted using the Kaplan-Meier method, with 
statistical significance assessed through the log-rank test. 
The predictive accuracy of this model was assessed via time-
dependent ROC curve analysis. The Wilcoxon test was 
applied to compare statistical differences between groups. 

https://discover.nci.nih.gov/cellminer/
https://discover.nci.nih.gov/cellminer/


Ma et al. Prognosis and immunological characteristics of ccRCC990

© AME Publishing Company.   Transl Androl Urol 2025;14(4):986-1004 | https://dx.doi.org/10.21037/tau-2025-21

Data visualization was primarily performed using the 
“ggplot2” package. Statistical significance was determined 
with P values of less than 0.05 and FDR below 0.05.

Results

Function and pathway enrichment analysis of DGRGs

We utilized the edgeR package to identify 8,505 DEGs in 
ccRCC sourced from the TCGA database. DGRGs were 
defined as the intersection of ccRCC differential genes and 
GTs-related genes (Figure 1A). Ultimately, we identified a 
total of 104 DGRGs. Abnormal gene mutations significantly 
contribute to cancer development. To identify the genetic 
alterations in ccRCC, we performed TMB analysis, and 
the five most frequently mutated genes were ARFGF1, 
TP63, DPY19L1, GALNT5, and GCNT4 (Figure 1B). To 
explore the biological roles and pathways associated with 
DGRGs, we conducted GO and KEGG enrichment analyses  
(Figure 1C,1D). GO enrichment analysis demonstrated 
that  these  genes  predominant ly  involved in  GT 
activities, including hexosyltransferase, UDP-GT, and 
acetylglucosaminyl transferase activities, as well as 
carbohydrate binding (Figure 1C). These enzymatic 
functions are crucial for glycosylation processes and are 
implicated in cell recognition, signal transduction, immune 
responses, and other cellular processes (27). Additionally, 
KEGG pathway enrichment analysis showed significant 
involvement of these genes in pathways such as Mucin type 
O-glycan biosynthesis, other types of O-glycan biosynthesis, 
Glycosphingolipid biosynthesis-lacto and neolacto series 

(Figure 1D).

Establishment of ccRCC prognostic model based on 
signature genes.

To build a prognostic model for ccRCC, we performed 
univariate regression analysis on 104 differential genes 
associated with clinical survival. This approach allowed us 
to identify 21 candidate genes that significantly correlate 
with survival (Figure 2A, Table S2). To enhance the accuracy 
of these candidates, we applied LASSO regression analysis 
alongside multiple regression analysis (Figure 2B-2D). 
Through LASSO analysis, we identified seven candidate 
genes from a pool of 21 that showed a significant correlation 
with survival (Figure 2B,2C, Table S3). Subsequently, we 
performed multiple regression analysis on these seven 
candidate genes and recognized four distinct signature 
genes (Figure 2D). Moreover, we obtained the following 
formula: Riskscore = −0.00014*ST8SIA4 − 0.00077*GCNT4 
− 0.00061*LARGE2 − 0.000049*GALNT14 (Table S4). 
This formula enables the computation of risk scores across 
various datasets. To understand the correlation among 
the four signature genes, we performed a correlation 
analysis on these genes. Correlation analysis among the 4 
signature genes demonstrated positive correlations between 
GALNT14 and ST8SIA4 (r=0.221), and between LARGE2 
and GCNT4 (r=0.372). In contrast, the remaining gene 
pairs exhibited negative correlations (Figure 2E). To assess 
the expression levels of four signature genes in both tumor 
and normal samples, we conducted expression profiling 
analysis for each gene. The results indicated that these 
four signature genes function as protective factors, with 
ST8SIA4 and GALNT14 significantly upregulated, while 
GCNT4 and LARGE2 significantly downregulated in tumor 
samples compared to normal samples (Figure 2F).

U t i l i z i n g  t h e  r i s k  f o r m u l a  d e r i v e d  f r o m  t h e 
aforementioned multiple regression analysis, we calculated 
the risk scores of the TCGA training set. Based on the 
median risk score, the samples were categorized into 
high- and low-risk groups. Kaplan-Meier survival analysis 
revealed that the high-risk group exhibited lower survival 
probabilities than the low-risk group (Figure 3A). The 
model’s reliability was validated using GSE29609 validation 
set (Figure 3B) and TCGA test set (Figure 3C), both showing 
lower survival probabilities for patients in the high-risk 
group. We next sought to verify the risk scoring on clinical 
samples in the TCGA training set. The AUC values for 1-, 
3-, and 5-year predictions in the TCGA cohort were 0.711, 

Table 1 The primers of genes

Primer name Sequence (5'-3')

GAPDH-F ACATCGCTCAGACACCATG

GAPDH-R TGTAGTTGAGGTCAATGAAGGG

GALNT14-F ACCACTCTCTCCCTACCAAA

GALNT14-R CAGCAGTGTGCATCTGACTTG

GCNT4-F TCACGTAGGAAACGGTGCTA

GCNT4-R ATGGCGTGACTGGGACAGTG

LARGE2-F ACTGCTAGCCAGCAGCATCT

LARGE2-R AGCGACCGACCGAGTACGAC

ST8SIA4-F AGACCTGTGCAGTTGTTGGA

ST8SIA4-R CCACAGGAGCTAGATTACACCTTA

https://cdn.amegroups.cn/static/public/TAU-2025-21-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TAU-2025-21-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TAU-2025-21-Supplementary.pdf
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0.692, and 0.719, respectively (Figure 3D). To validate the 
predictive performance of the model, AUC values in TCGA 
validation set were 0.737, 0.772, and 0.906 (Figure 3E). 
Similarly, the GSE29609 validation set was used to verify 
the prediction effect, and the AUC values were 0.717, 0.72 
and 0.761, respectively (Figure 3F).

Furthermore, risk scores, survival status, and expression 
patterns were analyzed in the TCGA training set, GEO 
validation set, and TCGA test set. The survival status 

analysis revealed that patients with higher risk scores 
exhibited a higher mortality rate (Figure 4A). The heatmap 
demonstrated significant differences in the expression levels 
of the four signature genes between the high- and low-risk 
groups (Figure 4B). Similarly, the same trend was observed 
in the GSE29609 validation set (Figure 4C,4D) and was 
further confirmed in the TCGA test set (Figure 4E,4F). 
Overall, the results suggested that the prognostic model for 
ccRCC, derived from four signature genes, demonstrated 
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value. (D) KEGG enrichment analysis of DGRGs. The size of the bubble indicates the number of DGRGs, with larger bubbles reflecting 
a higher count of DGRGs. The color represents the P value, where more intense red indicates smaller P value. ccRCC, clear cell renal cell 
carcinoma; DGRGs, differentially GTs-related genes; GO, Gene Ontology; GTs, glycosyltransferases; KEGG, Kyoto Encyclopedia of 
Genes and Genomes; TMB, tumor mutational burden.



Ma et al. Prognosis and immunological characteristics of ccRCC992

© AME Publishing Company.   Transl Androl Urol 2025;14(4):986-1004 | https://dx.doi.org/10.21037/tau-2025-21

ST8SIA4 

PLOD3 

NCF1 

MGAT5 

POGLUT2 

GCNT4 

MAN2B1 

PLOD2 

ST3GAL3 

POGLUT3 

LARGE2 

DERL3 

GXYLT2 

GALNT14 

TP63 

ENTPD5 

MAN2C1 

GALNT2 

MGAT5B 

CHST4 

HGFAC

0.003 

0.001 

0.010 

0.006 

<0.001 

0.002 

0.004 

<0.001 

0.004 

0.007 

0.001 

0.004 

0.002 

0.002 

0.001 

0.010 

0.009 

0.002 

<0.001 

<0.001 

0.001

1.000 (1.000–1.000) 

1.000 (1.000–1.000) 

1.001 (1.000–1.002) 

1.000 (1.000–1.000) 

1.000 (1.000–1.000) 

0.999 (0.999–1.000) 

1.000 (1.000–1.000) 

1.000 (1.000–1.000) 

1.002 (1.001–1.004) 

1.000 (1.000–1.000) 

0.999 (0.999–1.000) 

1.001 (1.000–1.001) 

1.000 (1.000–1.001) 

1.000 (1.000–1.000) 

1.004 (1.001–1.006) 

1.000 (1.000–1.000) 

1.000 (1.000–1.000) 

1.000 (1.000–1.000) 

1.002 (1.001–1.003) 

1.009 (1.004–1.014) 

1.002 (1.001–1.003)

P value Hazard ratio

0.990 1.000 1.010 1.020
Hazard ratio

16

15

14

13

−6             −5             −4             −3
Log, λ

20  20  20  20  20  19  18  18  18  17  18  18  18  15   7  5  0

P
ar

tia
l l

ik
el

ih
oo

d 
de

vi
an

ce

0.002

0.000

−0.002

−0.004

−0.006

−0.008

−6             −5             −4             −3
Log, λ

C
oe

ffi
ci

en
ts

20             19             17             17 Multivariate cox forest plot

Gene Number HR (95%CI) P value

ST8SIA4 

GCNT4 

LARGE2 

GALNT14

363 

363 

363 

363

0.99986 (0.99976–0.99995) 

0.99923 (0.9987–0.99976) 

0.99939 (0.999–0.99979) 

0.99995 (0.99992–0.99998)

0.002 

0.005 

0.002 

<0.001

0.995 0.997 0.999 1.001 1.003
Concordance index (C-index): 0.675

S
T8

S
IA

4 

G
A

LN
T1

4 

LA
R

G
E

2 

G
C

N
T4

16

12

8

4

ST8SIA4

GALNT14

LARGE2

GCNT4

1

0.8

0.6

0.4

0.2

0

−0.2

−0.4

−0.6

−0.8

−1

G
en

e 
ex

pr
es

si
on

ST8SIA4 GALNT14LARGE2GCNT4

*** *** *** ***

Group Normal Tumor

A B

C D

E F

Figure 2 Construction of the risk model. (A) Univariate regression forest plots illustrate the identification of 21 candidate genes from a 
total of 104 differential genes in ccRCC described above, which exhibit a significant correlation with survival (P<0.01). (B) The regulatory 
parameters of OS-related genes were selected for cross-validation using error curves. According to the minimum criterion and the 1-se 
criterion, two vertical black dotted lines are drawn at the optimal value. (C) Coefficient distribution diagram for logarithmic (λ) sequences 
in the LASSO regression framework. (D) Multivariate Cox regression analysis shows selection of four signature genes. (E) Correlation 
graph showing four signature genes, with red representing positive correlation and blue representing negative correlation. (F) Box plot of 
differences in expression of signature genes in control samples and tumor samples, with green for normal samples and red for tumor samples. 
***, P<0.001. ccRCC, clear cell renal cell carcinoma; LASSO, least absolute shrinkage and selection operator; OS, overall survival. 



Translational Andrology and Urology, Vol 14, No 4 April 2025 993

© AME Publishing Company.   Transl Androl Urol 2025;14(4):986-1004 | https://dx.doi.org/10.21037/tau-2025-21

1.00

0.75

0.50

0.25

0.00

0           3           6           9          12

S
ur

vi
va

l p
ro

ba
bi

lit
y

Time, years

high 
low

0           3           6           9          12

S
tr

at
a

Time, years

Number at risk

181
182

91
115

25
49

5
16

0
0

P<0.001

risk = highStrata risk = low

1.00

0.75

0.50

0.25

0.00

0           2           4           6

S
ur

vi
va

l p
ro

ba
bi

lit
y

Time, years

high 
low

0           2           4           6
S

tr
at

a
Time, years

Number at risk

19
20

9
18

3
9

0
1

P=0.01

risk = highStrata risk = low

1.00

0.75

0.50

0.25

0.00

0       2.5       5      7.5      10     12.5

S
ur

vi
va

l p
ro

ba
bi

lit
y

Time, years

high 
low

0       2.5       5      7.5      10     12.5

S
tr

at
a

Time, years

Number at risk

76
77

44
53

16
25

8
8

0
0

P<0.001

risk = highStrata risk = low

4
1

1.0

0.8

0.6

0.4

0.2

0.0

0.0     0.2     0.4     0.6     0.8     1.0

S
en

si
tiv

ity

1–Specificity

AUC at 1-year: 0.711 
AUC at 3-year: 0.692 
AUC at 5-year: 0.719

1.0

0.8

0.6

0.4

0.2

0.0

0.0     0.2     0.4     0.6     0.8     1.0

S
en

si
tiv

ity

1–Specificity

AUC at 1-year: 0.737 
AUC at 3-year: 0.772 
AUC at 5-year: 0.906

1.0

0.8

0.6

0.4

0.2

0.0

0.0     0.2     0.4     0.6     0.8     1.0

S
en

si
tiv

ity

1–Specificity

AUC at 1-year: 0.717 
AUC at 3-year: 0.72 
AUC at 5-year: 0.761

A B C

D E F

Figure 3 Kaplan-Meier curves and ROC curves of risk scores. (A) The survival curves of high- and low-risk groups in TCGA training set. 
(B) The survival curves of high- and low-risk groups in GSE29609 validation set. (C) The survival curves of high- and low-risk groups in 
TCGA test data set. (D) The AUC curve for 1-, 3-, and 5-year predictions in the TCGA training set. (E) The AUC curve for 1-, 3-, and 
5-year predictions in the GSE29609 validation set. (F) The AUC curve for 1-, 3-, and 5-year predictions in the TCGA test set. AUC, area 
under the curve; ROC, receiver operating characteristic; TCGA, The Cancer Genome Atlas.

strong predictive capability.

Independent prognostic analysis of ccRCC signature genes

Using the previously detailed risk formula: Riskscore = 
−0.00014*ST8SIA4 − 0.00077*GCNT4 − 0.00061*LARGE2 
− 0.000049*GALNT14, we can evaluate the risk values 
for the TCGA training set based on age, TNM stage (T: 
Tumor, N: Node, M: Metastasis), and cancer stage. Patients 
aged 65 years old and over had significantly lower risk 
scores than those under 65 (P=0.02, Figure 5A). The risk 
scores for patients in T3+T4 stages significantly higher 
than those in T1+T2 stages (P<0.001, Figure 5A). Similarly, 
the risk scores for N1 stages were greater than those for 
N0 stages (P<0.001, Figure 5A), and M1 stages showed 
significantly higher scores compared to M0 stages (P=0.003, 
Figure 5A). Patients in stages III and IV had significantly 

higher risk scores than those in stages I and II (P<0.001, 
Figure 5A). Survival curves based on signature genes 
expression revealed that high expression of all four genes 
was associated with significantly better OS compared to low 
expression (Figure 5B).

To assess the relationship between five clinical variables 
(age, T stage, N stage, M stage, and cancer stage), the TCGA 
training set risk score, and survival rates, we performed a 
univariate regression analysis. Our findings indicated that 
TNM stage, cancer stage, and risk score were significantly 
correlated with survival (Figure 6A). Subsequently, multiple 
regression analysis revealed that both M stage and risk score 
were notably associated with survival outcomes (Figure 6B).  
Next, five clinical variables (age, T stage, N stage, M stage, 
and cancer stage), along with TCGA training set risk 
scores, were used to predict patients’ 1-, 3-, and 5-year 
survival, constructing the following nomogram (Figure 6C). 
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Figure 4 Prognostic value of the models. (A) Risk score distribution and survival state distribution diagrams in TCGA training set. (B) Heat 
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TCGA, The Cancer Genome Atlas.

Calibration curves demonstrated a close alignment between 
the model’s predicted and actual survival rates (Figure 6D).  
The DCA curves showed that our prognostic model 
exhibited good net benefit for 1-, 3- and 5-year (Figure 6E). 
These findings reaffirm the prognostic model, based on the 
four signature genes, as an independent prognostic factor.

The analysis of immune microenvironment

In recent decades, significant breakthroughs have been 
achieved in tumor immunotherapy. Immune infiltration 
within the tumor microenvironment is a crucial factor 
influencing tumor progression and clinical prognosis 
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Figure 5 Differences in clinical information associated with expression of four signature genes. (A) Differences in stratification by age, 
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in cancer patients (28). Accordingly, we examined the 
relationship between immune infiltration and risk scores 
to predict the therapeutic effects of immunotherapy 
across different risk groups. Figure 7A displays a heatmap 
of immune cell abundance derived from the ssGSEA 
algorithm, showing that the high-risk group generally 
exhibits a higher relative abundance of immune cells 
compared to the low-risk group. We assessed the scores 
of the high- and low-risk groups using the ESTIMATE 
algorithms. The results demonstrate that the immune score, 
Stromal score, and ESTIMATE score are significantly 
lower in the low-risk group compared to the high-risk 
group (Figure 7B-7D). In contrast, the tumor purity score 
is significantly higher in the low-risk group than in the 
high-risk group (Figure 7E, P<0.001). Statistical analysis 
of TIDE scores reveals that the low-risk group has a lower 

TIDE score (Figure 7F). CIBERSORT analysis indicates a 
significantly higher proportion of plasma cells and resting 
memory CD4 T cells in the high-risk group than in the 
low-risk group (Figure 7G), whereas activated NK cells and 
resting mast cells are more prevalent in the low-risk group 
(Figure 7G). Immunological analyses indicate a significant 
increase in plasma cells and resting memory CD4 T cells 
in the high-risk group. These findings, along with TIDE 
results, suggest a heightened likelihood of tumor immune 
evasion in these patients, indicating that high-risk ccRCC 
patients may derive less benefit from immune checkpoint 
blockade (ICB) therapy. Differences in the expression of 
immune-related genes between the high- and low-risk 
groups were evaluated, showing that all immune-related 
genes exhibit higher expression levels in the high-risk group 
(Figure 7H). These findings suggest that patients in the low-
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Figure 6 Application and reliability assessment of prognostic model in ccRCC. (A) Univariate regression forest plots demonstrating 
that TNM stage, cancer stage and risk score are significantly correlated with survival (P<0.001). (B) Multivariate regression forest plots 
demonstrating that M stage and risk score are significantly correlated with survival (P<0.001). (C) A nomogram combining the prognostic 
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Figure 7 Immune infiltration analysis of patients in high- and low-risk groups classified by prognostic model. (A) Heat map of immune 
infiltration abundance of ssGSEA in high- and low-risk groups. The left part represents low-risk group, the right part represents high-risk 
group. Red represents upregulation and blue represents downregulation. (B) Immune score violin plot of the high- and low-risk groups. (C) 
Stromal score violin plot of the high- and low-risk groups. (D) ESTIMATE score violin plot of the high- and low-risk groups. (E) Tumor 
purity violin plot of the high- and low-risk groups. (F) TIDE score boxplot for high- and low-risk groups. (G) CIBERSORT boxplot for 
high- and low-risk groups. (H) Differential expression of immune checkpoint molecules between high- and low-risk groups. *, P<0.05; **, 
P<0.01; ***, P<0.001. aDCs, activated dendritic cells; APC_co_inhibition, antigen-presenting cell co-inhibition; APC_co_stimulation, antigen-
presenting cell co-stimulation; CCR, cytokine-cytokine receptor interaction; CIBERSORT, cell-type identification by estimating relative 
subsets of RNA transcripts; DCs, dendritic cells; iDCs, immature dendritic cells; MHC_class_I, major histocompatibility complex class I; NK_
cells, natural killer cells; pDCs, plasmacytoid dendritic cells; ssGSEA, single-sample gene set enrichment analysis; TIL, tumor-infiltrating 
lymphocytes; Th1_cells, T helper 1 cells; Tfh, T follicular helper cells; Th2_cells, T helper 2 cells; Treg, regulatory T cells.
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risk group may experience better immunotherapy outcomes.

TMB analysis and drug sensitivity

Gene mutation analysis showed a higher frequency of 
gene mutations in the high-risk group than in the low-risk 
group. The results revealed that VHL, PBRM1, and TTN 
were the three most frequently mutated genes in both risk 
groups, with mutations primarily observed as frameshift 
and missense variations (Figure 8A,8B). Given that the risk 
score of signature genes was associated with poor prognosis 
in ccRCC patients, we further explored the difference in 
sensitivity to anticancer drugs between the high- and low-
risk groups. Sensitivity predictions for anticancer drugs 
showed that the high-risk group had significantly lower half-
maximal inhibitory concentration (IC50) values for cisplatin, 

dasatinib and axitinib than the low-risk group (Figure 8C-8E).  
These findings suggested that cisplatin, dasatinib and 
axitinib may be more effective in treating high-risk patients. 
Additionally, drug screening based on gene expression levels 
in the prognostic model, using the CellMiner database 
identified a significant positive correlation between IC50 
values for cisplatin and the expression of ST8SIA4 (Figure 8F, 
P=0.01, r=0.315). In contrast, the expression of ST8SIA4 
had a significantly negative correlation with the IC50 of 
dasatinib (Figure 8G, P=0.03, r=−0.277). Furthermore, 
the expression of GALNT14 was significantly positive 
correlation with the IC50 of gemcitabine (Figure 8H, 
P=0.003, r=0.383). Similarly, the expression of ST8SIA4 
showed a significantly positive correlation with IC50 on 
etoposide (Figure 8I, P=0.001, r=0.409). These results hold 
substantial significance for the drug selection in the clinical 
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management of ccRCC.

Validation of feature genes by qRT-PCR

We conducted qRT-PCR assays to assess the expression 
levels of ST8SIA4, GCNT4, GALNT14, and LARGE2 
in normal human kidney cells (HK-2) and renal clear 
cell carcinoma (786-O) cells. The results demonstrated 
a significant upregulation of ST8SIA4 and GALNT14 
expression in 786-O cells compared to HK-2 cells. 
However, the expression of GCNT4 and LARGE2 was 
significantly reduced in 786-O cells (Figure 9). These 
findings were consistent with our bioinformatics analysis. 
ST8SIA4, GCNT4, GALNT14, and LARGE2 show promise 
as reliable prognostic biomarkers with considerable research 
potential.

Discussion

ccRCC is the most aggressive and prevalent histological 
subtype of RCC, with its incidence having doubled over 
the past two decades (29,30). Due to the absence of distinct 
early clinical symptoms, approximately 40% of ccRCC 
cases are diagnosed at advanced stages, necessitating 
surgical intervention to improve the 5-year survival rate. 
However, postoperative complications remain a significant 
challenge (31). Consequently, it is essential to develop 
accurate prognostic models for ccRCC to predict patient 
outcomes and treatment responses. GTs are key enzymes 

in the glycosylation process, and research has demonstrated 
a significant negative correlation between GT expression 
and CD8+ T cell infiltration, which is associated with poor 
prognosis in tumors (32). We identified four signature genes 
(ST8SIA4, GCNT4, LARGE2, and GALNT14) associated 
with GTs as prognostic biomarkers for ccRCC.

The α-2,8-sialyltransferase (ST8SIA4) predominantly 
catalyzes the addition of sialic acids to glycan chains 
through α-2,8 linkages, a process known as sialylation, 
which is implicated in cancer progression (33). Ma et al. 
found that the expression of ST8SIA4 was increased 14.81-
fold in aggressive breast cancer cells compared to non-
tumorigenic cells, and silencing ST8SIA4 in these cell 
lines significantly reduced malignant behaviors such as cell 
proliferation and invasion (34). However, Soukhtehzari  
et al. found that high ST8SIA4 expression in breast tumor cells 
correlates with poor patient outcomes, while its expression in 
infiltrating stromal cells was linked to improved prognosis (35).  
Furthermore, Li et al. found that increased ST8SIA4 
expression in gastric cancer was associated with significantly 
lower survival rates (36). GALNT14 belongs to the peptide 
N-acetylgalactosaminotransferase (PPGALacT-TS) family, 
whose glycosylation modification can significantly affect 
the stability and activity of the protein (37). Additionally, 
GALNT14 is involved in regulating the proliferation, 
migration and invasion of cancer cells. Kwon et al. found 
that GALNT14 may reduce patient survival by promoting 
lung cancer metastasis (38). Chiang et al. found that the 
expression level of GALNT14 was also associated with OS 
in pancreatic ductal carcinoma and cholangiocarcinoma (39). 
Liang et al. found that different genotypes of GALNT14 had 
different effects on the prognosis of cholangiocarcinoma, 
with the “TT” genotype being unfavorable for OS following 
cholangiocarcinoma resection (40). Both Song et al.  
and Sheta et al. found that GALNT14 may be a potential 
therapeutic target for breast cancer (41,42). Similar to the 
results of this study, low expression of GALNT14 implies 
that Gemcitabine has a lower IC50. LARGE2, a bifunctional 
GT, plays a crucial role in the maturation of alpha-
dystroglycan (α-DG) (43). Dietinger et al. found that in the 
context of colon cancer, the expression of LARGE2 and the 
O-glycosylation of α-DG may have a dual impact on cancer 
progression. On one hand, these processes may restrict the 
migration and invasion of early tumor cells; on the other 
hand, they may facilitate liver colonization by enhancing 
the adhesion of circulating tumor cells to blood vessels (44). 
In the prognostic model of this study, LARGE2 is identified 
as a protective factor for ccRCC, with high expression levels 
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correlating with improved OS. Glucosaminyl (N-Acetyl) 
transferase 4 (GCNT4) is a GT that plays a critical role in 
the biosynthesis of glycoproteins (45). GCNT4 is regulated 
by miR-615 (46), which has been reported to act as a tumor 
suppressor in various cancers (47,48). Milde-Langosch 
et al. found that bone metastasis in breast cancer is often 
accompanied by increased GCNT4 expression (49). In 
gastric cancer, patients with lower GCNT4 expression 
exhibit poorer prognoses, while overexpression of GCNT4 
inhibits gastric cancer cell proliferation and cell cycle 
progression (45). Our findings also suggest that high 
expression of GCNT4 is associated with improved prognosis 
in ccRCC patients.

CIBERSORT analysis showed that plasma cells and 
resting memory CD4 T cell were significantly enriched in 
the high-risk group. Plasma cells are fully differentiated 
B cells that specialize in antibodies production, capable 
of surviving long-term as an important part of humoral 
immune memory after initial differentiation in secondary 
lymphoid organs or inflammatory tissues (50). Patil et al. 
studied the transcriptomes of tumor samples from non-
small cell lung cancer (NSCLC) patients before and after 
treatment with different regimens in POPLAR and OAK. 
The results showed that the overexpressed genes in the 
long-lived group were enriched in pathways related to B 
cells and plasma cells (51). Li et al. found that, compared 
with normal tissues, kidney cancer tissues exhibited the 
decreased number of B cells, the results are consistent 
with those of this study (52). CD4+ T cells promote RCC 
proliferation, and significantly associated with lymph node 
metastasis, which may lead to poor prognosis in high-risk 
patients (53). Activated natural killer (NK) cells and resting 
mast cells were significantly enriched in the low-risk group. 
NK cells recognize and eliminate virus-infected cells and 
tumor cells (54). After identifying CISH (cytokine induced 
SH2-containing protein) as a key negative regulator of NK 
cell function, Zhu et al. designed chimeric antigen receptor-
natural killer (CAR-NK) cells lacking this intracellular 
cytokine checkpoint, demonstrating significantly improved 
metabolic adaptability and anti-tumor activity (55). Mast 
cells can combat pathogens and regulate the inflammatory 
response of the immune system (56). But high density of 
mast cells is associated with poor prognosis in liver cancer, 
gastric adenocarcinoma, and direct bowel cancer (57-59).

Enrichment analysis revealed that the high-risk group 
was significantly associated with pathways including 
Natural Killer Cell-Mediated Cytotoxicity, Hematopoietic 
Cell Lineage, the Cytosolic DNA Sensing Pathway, and 

Cytokine-Cytokine Receptor Interaction. Furthermore, 
activation of the cytosolic DNA sensing pathway in ccRCC 
may promote tumor cell proliferation, angiogenesis, and 
immune evasion, thereby impacting the immunogenicity 
of tumor cells and the surrounding microenvironment 
(60,61). Drug sensitivity analysis demonstrated that 
individuals in the high-risk group exhibited increased 
sensitivity to cisplatin and dasatinib. Markova et al. 
investigated a targeted drug combining anti-tumor cisplatin 
and dasatinib to prevent the spread and metastasis of 
esophageal squamous cell carcinoma (62). Dasatinib can 
decrease the expression of MDR1 and Mcl-1, thus reducing 
cisplatin resistance (63). Notably, in this study, ST8SIA4 
was more suitable as a biomarker for etoposide, dasatini, 
and cisplatin. Gemcitabine is a commonly used drug for 
the treatment of ccRCC (64). Yao et al. found that the 
patients with PIMREG overexpression are more suitable for 
gemcitabine (65). In our study, GALNT14 may serve as a 
new biomarker for gemcitabine, more suitable for patients 
with low expression of GALNT14. Although this study 
did not directly evaluate KIM1 expression, recent research 
highlights its significance in the prognosis of RCC and its 
impact on response to immunotherapy (66-68). Studies 
have shown that KIM1 regulates T-cell proliferation and 
macrophage polarization (69,70). Notably, our findings 
revealed a significant increase in plasma cells and resting 
memory CD4 T cells in the high-risk group, suggesting 
a potential link to KIM1-mediated immunomodulation. 
KIM1 promotes macrophage polarization, potentially 
triggering an inflammatory response. Local inflammation 
can induce PD-L1 expression (71), a process termed 
“adaptive immune resistance” in cancer (72). This suggests 
a possible association between KIM1 expression and PD-L1 
treatment resistance. Additionally, high ST8SIA4 expression 
has been linked to M1 macrophage infiltration in diseases 
such as atherosclerosis and ankylosing spondylitis (73). 
This mechanism may synergize with ST8SIA4, identified 
as a signature gene in this study, indicating its potential as 
a combined biomarker. In renal cancer, KIM1 is associated 
with poor prognosis (74), implying that it may share 
molecular mechanisms or signaling pathways with the 
signature genes identified in this study, influencing ccRCC 
prognosis. Future research integrating KIM1 expression 
data could refine prognostic models, enhance predictions of 
immune checkpoint blockade responses, and provide deeper 
insights into tumor immunotherapy strategies.

The prognostic model for ccRCC developed in this 
study, based on GTs-related genes, provides a valuable tool 
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for clinical prediction. This model allows for personalized 
treatment plans tailored to patient risk stratification. 
Scientifically, the four signature genes (ST8SIA4, GCNT4, 
LARGE2, and GALNT14) identified in the model are pivotal 
for investigating the role of GTs in the progression of 
ccRCC. These findings offer insights for the development 
of novel targeted therapies. However, knowledge gaps 
remain in understanding the molecular mechanisms 
underlying the involvement of these genes in ccRCC. 
Although their association with prognosis is established, 
the regulatory pathways of these genes, particularly 
ST8SIA4, are not fully understood. Future research using 
multi-omics technologies is needed to explore these 
regulatory networks, alongside in vitro and in vivo studies 
to validate gene functions. Moreover, the model’s reliance 
on existing databases highlights the need for verification 
through large-scale, prospective clinical studies to confirm 
its clinical applicability. Looking ahead, technological 
advancements are expected to accelerate ccRCC research. 
Single-cell sequencing will enable detailed analysis of 
tumor heterogeneity, improving immunotherapy precision. 
Additionally, machine learning and AI can integrate multi-
omics data to create more accurate prediction models, 
enhancing personalized medicine. Further investigation into 
GTs and their associated genes may lead to novel therapies 
that regulate glycosylation, ultimately improving patient 
outcomes and quality of life.

This study developed a prognostic model for ccRCC 
based on four signature genes associated with GTs. 
Despite these findings, there are limitations in this study. 
While we utilized extensive sample data from the TCGA 
database and validated it with GEO data, these datasets 
are not without their constraints. The samples originate 
from diverse regions and ethnic groups, with varying 
clinical characteristics and treatment methods, which could 
introduce data heterogeneity. This variability may impact 
the model’s accuracy and generalizability across different 
populations. Furthermore, although the four signature 
genes (ST8SIA4, GCNT4, LARGE2, and GALNT14) have 
been identified, their upstream and downstream regulatory 
networks remain unclear. Therefore, the regulatory roles 
of the four pivotal genes in ccRCC progression need to be 
elucidated through integrated multi-omics and molecular 
biology approaches.

Conclusions

We developed a prognostic model for ccRCC based on 

GTs-related genes, which can serve as an independent 
prognostic factor with high prognostic accuracy. The four 
signature genes in this model provide a foundation for 
studying the potential mechanism of GTs involvement in 
the progression of ccRCC.
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