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Construction of a novel prognostic model based on lncRNAs-related to 
DNA damage repair for predicting the prognosis of clear cell renal cell 
carcinoma
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ABSTRACT
Background:  CcRCC has the characteristics of high aggression, high metastasis, high mortality, 
wide tumour heterogeneity and variable clinical course. The purpose of this study was to explore 
the potential value of lncRNAs-related to DNA damage repair (DDR) in predicting the prognosis 
of ccRCC by construction and verification a novel prognostic model.
Methods:  RNA-seq data and clinical data of ccRCC were downloaded from public databases. 
Subsequently, Pearson correlation analysis and differential expression analysis were performed to 
identify DElncRNAs-related to DDR. Then, through univariate Cox analysis and LASSO analysis, the 
DElncRNAs-related to DDR associated with prognosis were screened for the construction of novel 
risk score prognostic model. In addition, functional annotation, tumour mutation burden, immune 
correlation and drug sensitivity analyses were performed based on risk score to assess the 
characteristics of patients in different risk score groups.
Results:  Based on univariate Cox analysis and LASSO analysis, four best DElncRNAs-related to 
DDR were selected. Subsequently, a novel risk score prognostic model based on these four 
DElncRNAs was constructed through LASSO. Multivariate Cox analysis showed that risk score and 
age were independent prognostic factors for ccRCC (p < 0.05). Functional enrichment analysis 
showed that DDR-related biological processes were mainly enriched in the high risk group. The 
highly mutated genes in the high and low risk groups were the same (VHL, PBRM1 and TTN), but 
they also had their own unique mutated genes. Pearson correlation analysis showed that the risk 
score was significantly (p < 0.05) positively correlated with the infiltration degree of CD8 T cells 
evaluated by six algorithms. In addition, it was found that the high and low risk groups had 
different sensitivities to the drugs Etoposide, Imatinib, Sorafenib, Bosutinib and Sunitinib.
Conclusion:  A novel prognostic model was constructed based on four DElncRNAs-related to DDR. 
The model has satisfactory accuracy in predicting survival of ccRCC patients.

Introduction

Clear cell renal cell carcinoma (ccRCC, or KIRC) has a 
poor prognosis, accounting for about 80% of renal cell 
carcinoma (RCC), and is also the most notorious sub-
type of RCC [1,2]. CcRCC has the characteristics of 
high aggression, high metastasis, high mortality, wide 
tumour heterogeneity and variable clinical course 
[3,4]. Surgery is the main treatment for ccRCC [5]. 
Although early surgical treatment is performed, many 
patients eventually relapse and develop metastases 
[6]. Moreover, at the time of diagnosis, metastasis 
occurred in many patients, limiting the surgical treat-
ment of ccRCC. Despite advances in targeted 

therapies, patient outcomes remain poor due to sec-
ondary drug resistance [7,8]. Therefore, it is urgent to 
identify more biomarkers for prognostic evaluation 
and treatment guidance of ccRCC, and it is necessary 
to establish a reliable prognostic model to predict 
clinical outcomes.

Organisms are constantly exposed to numerous 
DNA damage factors, making the genome constantly 
threatened by different types of DNA damage. In order 
to maintain the stability of the genome, powerful DNA 
repair and damage bypass mechanisms faithfully pro-
tect DNA by removing or tolerating damage [9,10]. 
DNA damage repair (DDR) dysfunction can lead to 
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accumulation of DNA damage, susceptibility to cancer, 
high sensitivity to chemotherapy and radiotherapy, 
and is also associated with response to immune check-
point inhibitors [11]. Defects in the DDR process may 
lead to various diseases, including tumours. Therefore, 
the DDR system has emerged as a new target for anti-
tumour drugs [12]. Harmful DDR gene alterations are 
recurrent genomic events in patients with advanced 
RCC [13]. Regulation of DDR may influence the suscep-
tibility of ccRCC patients to sunitinib [14].

The best function of long non-coding RNAs 
(lncRNAs) is that they regulate gene and genome 
activity at different levels [15]. LncRNAs dysregulation 
plays an important role in cancer and can be used as 
diagnostic, prognostic, and therapeutic biomarkers 
[16]. Oncological studies have shown that lncRNAs 
can affect the formation and prognosis of cancer by 
affecting mRNAs/miRNAs-related to DDR, including 
colorectal cancer, non-small cell lung cancer, etc [17–
19]. Previous studies have shown that the effects of 
lncRNAs on ccRCC are multifaceted, including the 
migration and invasion of cancer cells, the progres-
sion and prognosis of diseases [20–22]. However, 
there is limited research on lncRNAs-related to DDR in 
ccRCC, and it is not well understood whether they are 
associated with prognosis. Therefore, it is important 
to analyze the expression pattern, prognostic value 
and clinical significance of lncRNAs-related to DDR 
in ccRCC.

In this study, RNA-seq data and clinical data of 
ccRCC were downloaded from public databases. 
Differentially expressed lncRNAs (DElncRNAs)-related to 
DDR were identified by Pearson correlation analysis 
and differential expression analysis. Subsequently, a 
novel prognostic model based on DElncRNAs-related 
to DDR was constructed. In addition, immune cell infil-
tration, tumor mutation burden (TMB), and drug sensi-
tivity analysis were also performed. The purpose of 
this study was to explore the potential value of 
lncRNAs-related to DDR in predicting the prognosis of 
ccRCC by construction and verification a novel prog-
nostic model.

Materials and methods

Data source

The RNA-seq data, matched survival information and 
clinicopathological features of The Cancer Genome 
Atlas-ccRCC (TCGA-ccRCC) were extracted from the 
University of Cingifornia Sisha Cruz (UCSC) Xena data-
base (https://xena.ucsc.edu/). Patients with no survival 
information and overall survival (OS) less than 30 days 

were excluded. A total of 517 cancer tissue samples 
and 72 normal tissue samples were included. A total of 
18779 mRNA expression matrices and 14831 lncRNA 
expression matrices were obtained using RNA annota-
tion files in the GENCODE database (https://www.
gencodegenes.org/). In addition, GSE66272 dataset 
was downloaded from the Gene Expression Omnibus 
(GEO) database for model lncRNAs expression valida-
tion. The Gene Expression Profiling Interactive Analysis 
(GEPIA) database was also used to validate the expres-
sion of model lncRNAs.

Identification of DElncRNAs-related to DDR in 
ccRCC

A total of 275 genes-related to DDR (DRGs) were 
obtained from a previous study [23]. Pearson correla-
tion analysis was used to evaluate the correlation 
between 275 DRGs and 14831 lncRNAs. The screening 
criteria for lncRNAs-related to DDR were Pearson |cor-
relation coefficient| > 0.6 and P value (P) < 0.001. The 
limma in the R package was used to identify DElncRNAs 
between normal tissues and cancer tissues based on 
the screening criterion |log2 fold change (FC)| ≥ 1 and 
adjusted p < 0.05. DElncRNAs-related to DDR were 
obtained by intersections of lncRNAs-related to DDR 
and DElncRNAs.

Construction of prognostic risk score model

The dataset containing 517 cancer tissue sample data 
was randomly divided into a training cohort (N = 258) 
and a test cohort (N = 259) according to 1:1. Univariate 
Cox analysis (p < 0.05) was performed based on the 
obtained DElncRNAs-related to DDR in the training 
cohort to screen DElncRNAs-related to DDR with prog-
nostic value. The glmnet in the R package was used to 
perform LASSO regression analysis to reduce the risk 
of overfitting and determine the optimal number of 
DElncRNAs-related to DDR involved in model construc-
tion. The risk score formula is Risk Score

i

n

i i� �� �
�� 1

exp �  
(Note: n, number of lncRNAs; expi: expression value of 
lncRNA i, βi: regression coefficient of lncRNA i.). Patients 
were divided into high and low risk groups based on 
median risk score. Kaplan-Meier analysis was per-
formed using survival and survminer in the R package 
to compare OS and progression free interval (PFI) 
between the high and low risk groups (p < 0.05). 
Receiver operating characteristic (ROC) curve analysis 
was performed by timeROC in the R package to verify 
the accuracy of the risk model in predicting patients’ 
1-, 3-, and 5-years survival.

https://xena.ucsc.edu/
https://www.gencodegenes.org/
https://www.gencodegenes.org/
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Characteristic analysis of model lncRNAs

The expression difference of model lncRNAs in normal 
and cancer tissues was analysed based on Wilcoxon 
test. Patients were divided into high and low expres-
sion groups based on the median expression of each 
model lncRNA. Kaplan-Meier analysis was used to 
compare the survival differences of patients in the 
high and low expression groups of model lncRNAs 
(p < 0.05). Pearson correlation was used to analyse the 
correlation between the expression of each model 
lncRNA and the risk score. In addition, the differential 
expression of each model lncRNA at different disease 
stages was analysed based on the Wilcoxon test 
(p < 0.05).

Risk score model evaluation

Kaplan–Meier analysis was used to analyse the survival 
differences between patients with high and low risk 
scores in different clinical feature subgroups (p < 0.05). 
Univariate and multivariate Cox analyses were used to 
assess prognostic independence of risk scores and 
clinical features. The rms in the R package was used to 
draw a nomogram and predict the 1-, 3- and 5-year 
survival probability of patients based on the total 
score. The calibration curve was used to evaluate the 
prediction accuracy of the nomogram model. The 
ggDCA in the R package was used to perform decision 
curve analysis (DCA) analysis to evaluate the clinical 
utility of the nomogram model.

Correlation analysis of immune cells

The IOBR in the R package was used to evaluate the 
levels of immune cell infiltration in the tumor microen-
vironment based on six algorithms (CIBERSORT, MCP 
counter, EPIC, xCell, TIMER and quanTIseq). Pearson 
correlation was used to analyse the correlation 
between risk score and immune cells. The GSVA in the 
R package was used for immune function score analy-
sis to explore immune function activation status in the 
high and low risk groups.

Identification and functional enrichment of 
differentially expressed mRNAs (DEmRNAs) in 
high- and low-risk groups

The limma in the R package was used to identify 
DEmRNAs between high- and low-risk groups based 
on |log2 FC| ≥ 1 and adjusted p < 0.05. The clusterPro-
filer and enrichplot in the R package were used to 
perform functional enrichment analyses, including 

gene ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) enrichment analyses. In addition, 
gene set enrichment analysis (GSEA) was also per-
formed. Adjusted p < 0.05 was considered statistically 
significant.

TMB and medication guidance

Somatic mutation data were downloaded from TCGA. 
The maftools, survival and survminer in the R package 
were used to evaluate gene mutations in the high 
and low risk groups and the diverse survival associ-
ated with the TMB score. Subsequently, the expres-
sion differences of important immune checkpoints 
between high and low risk groups were compared 
based on the Wilcoxon test. Important immune check-
points were obtained from a previous study [24]. 
Tumour immune dysfunction and exclusion scores of 
TCGA-ccRCC samples were obtained based on the 
TIDE database (http://tide.dfci.harvard.edu/) to evalu-
ate the potential clinical efficacy of immunotherapy in 
different risk groups. The pRRophetic in the R pack-
age was used to predict the half maximal inhibitory 
concentration (IC50) of drugs commonly used in can-
cer patients.

Validation of model lncRNAs expression in clinical 
samples

This study was approved by the Ethics Committee of 
General Hospital of Northern Theater Command 
(Y(2024)277). Written informed consent was obtained 
from all participants. The inclusion criteria for ccRCC 
patients were as follows: (1) Patients were diagnosed 
with ccRCC for the first time, and all were confirmed 
by pathological examination; (2) Patients did not 
receive radiotherapy, chemotherapy, immunotherapy 
or molecular targeted therapy before diagnosis; (3) 
Patients without other malignant tumours; (4) Patients 
without other autoimmune diseases; (5) patients’ age 
was >18 years old. Patients with combination of other 
malignancies, preoperative adjuvant chemotherapy, 
radiotherapy or targeted therapy, incomplete clinical 
data and history of cancer were excluded. A total of 11 
ccRCC patients were included. Cancer and paracancer-
ous tissues from ccRCC patients were collected for 
real-time quantitative polymerase chain reaction 
(RT-qPCR). FastKing cDNA first strand synthesis kit 
(TIANGEN, KR116) and SuperReal PreMix Plus (SYBR 
Green) (TIANGEN, FP205) were used for reverse tran-
scription and fluorescence quantitative detection, 
respectively. The relative quantitative analysis of data 
was carried out by 2−△△CT method.

http://tide.dfci.harvard.edu/
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Statistical analysis

The Wilcoxon test was used to statistically analyse the 
significance of differences between two groups. 
p < 0.05 was considered statistically significant. All sta-
tistical analyses in this study were completed in R soft-
ware. The limma in the R package was used to identify 
DElncRNAs and DEmRNAs between high and low risk 
groups based on |log2 FC| ≥ 1 and adjusted p < 0.05.

Results

Identification of DElncRNAs-related to DDR in 
ccRCC

A total of 251 DElncRNAs were identified based on 
|log2 FC| ≥ 1 and adjusted p < 0.05 (Figure 1(A)). 
Based on Pearson |correlation coefficient| > 0.6 and 
p < 0.001, 5321 lncRNAs-related to DDR was obtained. 

Subsequently, taking the intersection of 5321 
lncRNAs-related to DDR and 251 DElncRNAs, a total 
of 128 DElncRNAs-related to DDR were obtained 
(Figure 1(B,C)).

Construction of risk score model

In the training cohort, 25 DElncRNAs-related to DDR 
with prognostic value were obtained by univariate Cox 
analysis based on 128 DElncRNAs-related to DDR 
(Figure 2(A)). Among them, nine were protective factors 
and 16 were risk factors. Subsequently, LASSO regres-
sion analysis was further performed to screen out the 
four best DElncRNAs-related to DDR (AP000439.3, 
CTA-384D8.36, EMX2OS and SNHG1) with prognostic 
value (Figure 2(B,C)). The coefficients obtained by the 
LASSO algorithm were used to calculate the risk score 
for each tumour sample. The risk score formula is Risk 

Figure 1. I dentification of DElncRNAs related to DDR.
A: Volcanic map of DElncRNAs between normal and cancer tissues; B: Venn diagram of lncRNAs-related to DDR and DElncRNAs; C: Relationship diagram 
between DRG and DElncRNAs-related to DDR.
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Score = (-0.0940 × AP000439.3) + (0.2269 × CTA-384D8.36) 
+ (-0.3475 × EMX2OS) + (0.0137 × SNHG1).

Patients were divided into high- and low-risk groups 
based on median risk score (Figure 2(D)). The mortality 
rate of high risk group was significantly higher than 
that of low risk group (Figure 2(E)). Heatmap results 
showed that model lncRNAs AP000439.3 and EMX2OS 
were low expressed in high-risk group, while 
CTA-384D8.36 and SNHG1 were high expressed in 
high-risk group (Figure 2(F)). Kaplan–Meier analysis 
showed that the low-risk group had a better survival 
advantage than the high risk group (Figure 2(G)), and 
PFI also showed a similar trend (Figure 2(H)). ROC 
results showed that the area under curve (AUC) for 1, 
3 and 5 years was 0.737, 0.695 and 0.758, respectively 
(Figure 2(I)), indicating that the risk model had a good 

prognostic prediction accuracy. Based on the same for-
mula, a series of verifications were performed in 
the  test cohort (Supplementary Figure 1 (A–G)) and the 
entire cohort (Supplementary Figure 1(H–N)), and 
the  results were consistent with the training cohort. 
The results of principal component analysis (PCA) 
showed that the samples in each cohort could be 
clearly divided into high- and low-risk groups (Figure 
2(J) and Supplementary Figure 1 (G and N)).

Characteristic analysis of model lncRNAs

Compared with normal tissues, AP000439.3, CTA- 
384D8.36 and SNHG1 were up-regulated in cancer 
tissues, while EMX2OS was down-regulated in cancer 
tissues (Figure 3(A)). Kaplan–Meier analysis showed 

Figure 2. C onstruction of risk score model in the training cohort.
A: The forest plot of prognosis-related DElncRNAs related to DDR; B: The process of reducing the number of variables and adjusting coefficients in LASSO 
regression model; C: Selection of the optimal parameter (lambda) in the LASSO model; D-F: Distribution of risk score and survival status, and heatmap for 
four model lncRNAs in the training cohort; G: Kaplan-Meier analysis curve for OS of patients in high- and low-risk groups; H: Kaplan-Meier analysis curve 
for PFI of patients in high- and low-risk groups; I: Time dependent ROC curves for 1-, 3- and 5-years; J: PCA of patients in high- and low-risk groups.

https://doi.org/10.1080/07853890.2025.2480755
https://doi.org/10.1080/07853890.2025.2480755
https://doi.org/10.1080/07853890.2025.2480755
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that patients with low expression of AP000439.3 and 
EMX2OS had poor prognosis, and their expression was 
negatively correlated with risk score. Patients with high 
expression of CTA-384D8.36 and SNHG1 had poor 
prognosis, and their expression was positively cor-
related with risk score (Figure 3(B,C)). Subsequently, 
the differential expression of four model lncRNAs in 
different grade, stage, T, M and N stages was analysed. 
The results showed that the expression of AP000439.3 
and EMX2OS was lower in late stage patients, while 
the expression of CTA-384D8.36 was higher (Figure 
3(D–H)), indicating that AP000439.3, EMX2OS and 
CTA-384D8.36 may mediate the progression of ccRCC. 
Moreover, low expression of EMX2OS may also cause 
lymphatic metastasis of ccRCC (Figure 3(H)).

Clinical features and risk score

The survival outcomes of patients in the low risk group 
were significantly better than those in the high risk 
group in different age, gender, grade stage, M stage, T 
stage and stage subgroups (Figure 4(A–F)). Moreover, 
the survival outcomes of patients in the low-risk group 
of stage N0 without lymphatic metastasis were also bet-
ter than those in the high-risk group, but there was no 
significant difference between the two groups in stage 
N1 with lymphatic metastasis (Figure 4(G)). Univariate 
Cox analysis showed that risk score, age, grade stage, 
stage, M stage, N stage and T stage were risk factors for 
ccRCC (p < 0.05) (Figure 5(A)). Multivariate Cox analysis 
showed that risk score and age were independent 

Figure 4.  Kaplan–Meier analysis curves for survival of patients with high- and low-risk scores in different subgroups of clinical features. 
A: Kaplan-Meier analysis curves for survival of patients with high- and low-risk scores in different age groups; B: Kaplan-Meier analysis curves for survival of patients 
with high- and low-risk scores in different gender groups; C: Kaplan–Meier analysis curves for survival of patients with high- and low-risk scores in different grade 
stage groups; D: Kaplan–Meier analysis curves for survival of patients with high and low risk scores in different M stage groups; E: Kaplan–Meier analysis curves 
for survival of patients with high- and low-risk scores in different T stage groups; F: Kaplan–Meier analysis curves for survival of patients with high- and low-risk 
scores in different stage groups; G: Kaplan–Meier analysis curves for survival of patients with high- and low-risk scores in different N stage groups.
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prognostic factors for ccRCC (p < 0.05) (Figure 5(B)). 
Significant variables in multivariate Cox analysis were 
included in the nomogram model to predict the 1-, 3-, 
and 5-year survival of patients (Figure 5(C)). The calibra-
tion curve showed that the nomogram model had good 
prognostic prediction ability (Figure 5(D)). ROC curves 
were used to assess the predictive accuracy of age, risk 
score and nomogram model. The results showed that 
the AUC of the age, risk score and nomogram model 
were 0.63, 0.73 and 0.77, respectively (Figure 5(E)), which 
indicated that the accuracy of the nomogram was higher. 
Moreover, the results of decision curve analysis (DCA) 
also showed that the nomogram model was more effec-
tive in the clinical benefit of patients (Figure 5(F)).

Identification and functional enrichment of 
DEmRNAs in high- and low-risk groups

A total of 86 DEmRNAs were identified between the 
high- and low-risk groups based on |log2 FC| ≥ 1 and 
adjusted p < 0.05 (Figure 6(A)). Subsequently, GO and 
KEGG functional enrichment were performed on 
DEmRNAs. The functional enrichment results showed 
that DEmRNAs were enriched in different functions 

and pathways, mainly involving transport, metabolic 
processes, inflammatory responses and other pathways 
(Figure 6(B,C)). The top five GSEA enrichment processes 
in the low- and high-risk groups were shown in Figure 
6(D,E). Moreover, it was also observed that DDR-related 
biological processes (e.g. double-strand break repair 
via homologous recombination, homologous recombi-
nation and reciprocal homologous recombination) 
were mainly enriched in the high-risk group (Figure 
6(F–H)).

TMB and risk score

The waterfall diagram of somatic mutation distribution 
showed that the highest mutation gene in the low- 
and high-risk group was VHL, followed by PBRM1 and 
TTN (Figure 7(A,B)). Although the two groups of highly 
mutated genes were consistent, they also have their 
own unique mutant genes. For example, ATM and 
DNAH9 were the specific mutated genes of the low-risk 
group, and FLG and XIRP2 were the specific mutated 
genes of the high-risk group. The TBM score of the 
high-risk group was significantly higher than that of 
the low-risk group (Figure 7(C)). According to the 

Figure 5. I ndependent prognostic analysis and nomogram.
A: Univariate Cox regression analysis of risk score and clinical features; B: Multivariate Cox regression analysis of risk score and clinical features; C: 
A  nomogram predicting 1 -, 3 - and 5-year survival; D: Calibration curve of the nomogram model; E: ROC curves of age, risk score and nomogram; F: 
DCA curve.
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median TMB score, the samples were divided into high 
and low TMB groups. Kaplan–Meier analysis showed 
that the survival of patients in the low TMB group was 
significantly better than that in the high TMB group 
(Figure 7(D)). Combining TMB and risk score to evalu-
ate prognosis, the results showed that low risk and 
low TMB patients had the best prognosis, while high 
risk and high TMB patients had the worst prognosis 
(Figure 7(E)).

Immune landscape and medication guidance

The infiltration level of immune cells in the tumour 
microenvironment of ccRCC patients was evaluated by 
six algorithms, and the correlation with the risk score 
was analysed (Figure 8(A)). Pearson correlation analysis 
showed that the risk score was significantly (p < 0.05) 

positively correlated with the infiltration degree of CD8 
T cells evaluated by CIBERSORT (correlation coefficient = 
0.189), MCP counter (correlation coefficient = 0.320), 
EPIC (correlation coefficient = 0.279), xCell (correlation 
coefficient = 0.373), TIMER (correlation coefficient = 
0.129) and quanTIseq (correlation coefficient = 0.289). 
Subsequently, CIBERSORT results showed that the degree 
of multiple immune cell infiltration was significantly dif-
ferent between the high- and low-risk groups (Figure 
8(B)), suggesting that the degree of immune cell infiltra-
tion may affect the prognosis of patients. In addition, 
significant differences in immune function activity were 
found between the high- and low-risk groups (Figure 
8(C)). Most immune functions are more active in the 
high-risk group. Immune checkpoint difference analysis 
showed that 35 key immune checkpoints were signifi-
cantly different between the high- and low-risk groups 

Figure 6. I dentification and functional enrichment of DEmRNAs in high- and low-risk group.
A: Heatmap of DEmRNAs between high- and low-risk group; B: Bubble map of GO enrichment analysis of DEmRNAs; C: Circle map of KEGG enrichment 
analysis of DEmRNAs; D: GSEA enrichment of low-risk group; E: GSEA enrichment of high-risk group; F: GSEA analysis showed that double-strand break 
repair via homologous recombination was up-regulated in high-risk group; G: GSEA analysis showed that homologous recombination was up-regulated in 
high-risk group; H: GSEA analysis showed that reciprocal homologous recombination was up-regulated in high-risk group.
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(Figure 9(A)), indicating that the risk score may guide 
immunotherapy medication. Furthermore, the high-risk 
group also had a higher TIDE score (Figure 9(B)), indicat-
ing that the high-risk group had a higher possibility of 
immune escape and a lower possibility of benefiting 
from immunotherapy. Subsequently, IC50 values for 
common drugs in the high- and low-risk groups were 
calculated. The results showed that the low-risk group 
was more sensitive to Etoposide, Imatinib and Sorafenib 
(Figure 9(C–E)), indicating that these drugs may have a 
better therapeutic effect on patients in the low-risk 
group. The high-risk group was more sensitive to 
Bosutinib and Sunitinib (Figure 9(F,G)), indicating that 
these drugs may have a better therapeutic effect on 
patients in the high-risk group.

Verification of AP000439.3, CTA-384D8.36, 
EMX2OS and SNHG1 expression

The expression of model lncRNAs AP000439.3, 
CTA-384D8.36, EMX2OS and SNHG1 were verified by 
RT-qPCR (Figure 10). All primers are shown in Table S1. 

The results of RT-qPCR showed that the expression 
trends of CTA-384D8.36, EMX2OS and SNHG1 were 
consistent with the expression trends in the TCGA-ccRCC 
dataset. The trend of AP000439.3 expression was con-
trary to the analysis results in the TCGA-ccRCC dataset, 
which may be caused by the small sample size of 
RT-qPCR and sample heterogeneity. In addition, differ-
ences in experimental techniques, patients’ genetic 
background and lifestyle habits will also affect the 
results. Therefore, it is necessary to continue to collect 
samples to expand the sample for further verification. 
The expression of model lncRNAs were also validated 
in the GSE66272 (Supplementary Figure 2 A) and GEPIA 
(Supplementary Figure 2B-E). The results showed that 
the expression trends of model lncRNAs were consis-
tent with that in the TCGA-ccRCC dataset.

Discussion

LncRNAs are regulatory factors of cellular mechanisms 
that are often dysregulated in malignant tumors of the 
genitourinary system [25]. In this study, a novel risk score 

Figure 7.  TMB and risk score.
A: Waterfall diagram of somatic mutations in low-risk group; B: Waterfall diagram of somatic mutations in high-risk group; C: The difference of TMB score 
between high- and low-risk groups; D: Kaplan–Meier analysis curve for survival of patients in high and low TMB groups; E: Kaplan-Meier analysis curve 
for survival of patients in high TBM+high risk, high TBM+low risk, low TBM+high risk and low TBM+low-risk groups.

https://doi.org/10.1080/07853890.2025.2480755
https://doi.org/10.1080/07853890.2025.2480755
https://doi.org/10.1080/07853890.2025.2480755
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model was constructed based on four DElncRNAs-related 
to DDR (AP000439.3, CTA-384D8.36, EMX2OS and 
SNHG1). The model has satisfactory accuracy (AUC all 
above 0.6 in training, test and entire cohorts) in predict-
ing the 1-, 3- and 5-year survival of ccRCC patients. The 
survival outcomes of patients in the low-risk group were 
significantly better than those in the high-risk group in 
different age, gender, grade stage, M stage, T stage and 
stage subgroups. These results indicate that the risk 
score can be used to evaluate the prognosis of different 
subgroups of patients. Multivariate Cox analysis showed 
that risk score and age were independent prognostic fac-
tors for ccRCC. The nomogram model was constructed 
by combining age and risk score, which further improved 
the predictive efficacy (AUC = 0.77).

AP000439.3 is highly expressed in ER+ breast cancer 
tissues and is involved in the regulation of cancer cell 
proliferation and cell cycle progression [26]. AP000439.3 
is associated with ccRCC prognosis and is a protective 
factor [27]. In cancer, certain molecules may be highly 
expressed due to various mechanisms. However, not 
all highly expressed molecules imply a poor prognosis. 
On the contrary, high expression of some molecules 
may improve patient survival by promoting certain 
prognostically favourable biological processes (e.g. 
apoptosis, inhibition of immune evasion, etc.). One 
study showed that CXCL11 expression is up-regulated 
in colon adenocarcinoma (COAD), but up-regulated of 
CXCL11 mRNA is associated with a better prognosis in 
COAD [28]. In addition, studies have shown that CXCL1 

Figure 9. I mmune checkpoint and common drug IC50 analyses in high- and low-risk group.
A: Differential expression box plots of 35 key immune checkpoints in high- and low-risk groups; B: Differences of TIDE score between high- and low-risk 
groups; C: IC50 differences of Etoposide between high- and low-risk groups; D: IC50 differences of Imatinib between high- and low-risk groups; E: IC50 
differences of Sorafenib between high and low risk groups; F: IC50 differences of Bosutinib between high and low risk groups; G: IC50 differences of 
Sunitinib between high- and low-risk groups.
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is highly expressed in colon and gastric cancer and is 
associated with better prognosis [29,30]. Herein, 
although AP000439.3 is highly expressed in cancer tis-
sues, its up-regulated is associated with a better prog-
nosis. The expression level of AP000439.3 in different 
stages of cancer was further analysed, and the results 
showed that the expression level of AP000439.3 was 
lower in late-stage patients. These results indicate that 
AP000439.3 is not only involved in the occurrence of 
ccRCC, but also related to the progression of ccRCC, 
and its complex regulatory mechanism deserves fur-
ther study. So far, no relevant studies on CTA-384D8.36 
have been found. To our knowledge, this study is the 
first to report the potential value of CTA-384D8.36 in 
ccRCC. EMX2 is essential for urogenital development, 
and EMX2OS is its antisense transcript [31]. EMX2OS 
has been reported to be a prognostically protective 
indicator for ccRCC patients [32,33]. EMX2OS may be a 
potential therapeutic target for ccRCC, and its 
down-regulation is significantly associated with higher 
histological grade, late stage, and poorer prognosis 
[34]. EMX2OS also participates in regulating the prolif-
eration, migration, and invasion of prostate cancer 
cells [35]. SNHG1 is a crucial member of the SNHG 
family. Its expression is up-regulated in a variety of 
cancers and has great application prospects in the 
diagnosis, treatment and prognosis of malignant 
tumours [36]. Studies have shown that SNHG1 is also 

involved in the immune escape of RCC and breast can-
cer [37,38]. In addition, SNHG1 is also involved in the 
regulation of RCC progression and metastasis [39]. The 
up-regulated SNHG1 is associated with poor prognosis 
of RCC patients and affects sunitinib resistance and 
autophagy of RCC cells [40]. In this study, compared 
with normal tissues, CTA-384D8.36 and SNHG1 were 
up-regulated in cancer tissues, while EMX2OS was 
down-regulated in cancer tissues. Furthermore, 
CTA-384D8.36, SNHG1, and EMX2OS are associated 
with prognosis, and CTA-384D8.36 and SNHG1are 
involved in regulating ccRCC progression. Moreover, 
low expression of EMX2OS may cause lymphatic 
metastasis of ccRCC. Therefore, the risk model of ccRCC 
constructed by these 4 DElncRNAs-related to DDR has 
potential reliability.

DDR mechanism is an important safeguard for cells 
to maintain genomic stability under normal circum-
stances. When cells are affected by various endoge-
nous and exogenous factors, leading to DNA damage, 
the DDR mechanism can be promptly activated to rec-
ognize and repair these damages, thereby avoiding 
the accumulation of gene mutations and chromosomal 
abnormalities and playing a role in inhibiting cancer 
occurrence [41]. In cancer cells, the DDR mechanism 
may be abnormal. To meet the needs of their rapid 
proliferation, tumor cells may over-activate certain 
DDR pathways, thereby helping tumor cells resist the 

Figure 10.  Verification of AP000439.3, CTA-384D8.36, EMX2OS and SNHG1 expression by RT-qPCR.
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DNA damage caused by chemotherapy, radiotherapy, 
and other treatment methods, leading to drug resis-
tance in tumor cells [42,43]. In addition, the abnormal-
ity of the DDR mechanism may also lead to incorrect 
repairs, resulting in new gene mutations and chromo-
somal aberrations, which further promote the develop-
ment and evolution of tumours [44]. In this study, 
functional enrichment analysis showed that DDR-related 
biological processes (for example, double-strand break 
repair via homologous recombination, homologous 
recombination and reciprocal homologous recombina-
tion) were mainly enriched in the high-risk group. 
Moreover, the survival outcomes of patients in the 
low-risk group were significantly better than those in 
the high-risk group. Therefore, we speculate that there 
may be over-activation of DDR in the high-risk group 
that promotes cancer progression, but the specific sit-
uation needs further study.

The highly mutated genes in the high and low risk 
groups were the same, but they also had their own 
unique mutated genes. ATM and DNAH9 were the spe-
cific mutated genes of the low risk group, and FLG 
and XIRP2 were the specific mutated genes of the 
high risk group. ATM is a serine/threonine protein 
kinase that is recruited by DNA double strand breaks 
[45]. ATM, DNAH9 and XIRP2 were shown to be 
mutated in ccRCC patients in previous study [13,46,47]. 
FLG mutation plays an important role in promoting 
the development of bladder cancer [48]. This study is 
the first to report the mutation of FLG in ccRCC. The 
differences in genes expression and mutation between 
high- and low-risk group provide new ideas for explor-
ing the molecular mechanism of disease.

Correlation analysis showed that the risk score was 
positively correlated with the infiltration degree of CD8 
T cells. CIBERSORT results showed that CD8 T cells had 
a higher degree of infiltration in the high-risk group. 
CD8 T cells are generally cytotoxic and beneficial in 
many cancers, but their impact in ccRCC depends on 
their functional state and the tumour microenvironment 
[49]. Research findings suggest that the infiltration of 
CD8 T cells within tumours can serve as a prognostic 
indicator for ccRCC, and is associated with unfavourable 
clinical outcomes [50,51]. Immune checkpoint blockade 
and tumour microenvironment-modulating drug treat-
ment were found to benefit ccRCC patients with more 
infiltrating CD8 T cells [49,52]. There were also signifi-
cant differences in the expression levels of immune 
checkpoints between the high- and low-risk groups, 
indicating that the risk score may guide immunother-
apy medication. Therefore, the difference in TIDE scores 
between high- and low-risk group was also evaluated. 
The results showed that TIDE scores were higher in the 

high-risk group, indicating that the high-risk group had 
a higher possibility of immune escape and a lower pos-
sibility of benefiting from immunotherapy.

In this study, it was found that the high and 
low-risk groups had different sensitivities to the 
drugs Etoposide, Imatinib, Sorafenib, Bosutinib and 
Sunitinib was different. The low-risk group was more 
sensitive to Etoposide, Imatinib and Sorafenib, while 
the high risk group was more sensitive to Bosutinib 
and Sunitinib. Etoposide is a topoisomerase II inhibi-
tor, which can cause DNA damage and induce apop-
tosis of tumour cells [53]. Imatinib, Sorafenib, 
Bosutinib and Sunitinib are tyrosine kinase inhibitors 
(TKIs) that are used in the treatment of many  
types of cancer [54]. The current standard first-line 
treatment for advanced ccRCC involves either an 
immuno-oncology (IO)/TKI or IO/IO combination [55]. 
Given the differences in immune cell infiltration, 
immune checkpoint expression, TIDE scores, and 
drug sensitivity between the high- and low-risk 
groups, a personalized treatment approach should 
be considered. For high-risk patients, although they 
have a higher risk of immune escape, a combination 
of immune checkpoint blockade and TKIs may be a 
viable option. The TKIs can not only inhibit tumour 
growth, but also potentially modulate the tumour 
microenvironment to enhance the anti-tumour effect 
of immunotherapy. In clinical practice, this risk score 
model provides doctors with an intuitive and quanti-
tative tool that may be useful in assessing the risk of 
the condition in patients with ccRCC. By calculating 
the risk score, it helps doctors distinguish between 
high- and low-risk patients, and then formulate more 
personalized treatment plans. Future studies are 
needed to further validate these findings and opti-
mize the treatment strategies for ccRCC patients in 
different risk groups.

There are some limitations in this study. Firstly, the 
specific molecular mechanism of model lncRNAs in 
ccRCC is still unclear and needs to be further clarified 
in subsequent studies. Secondly, a large number of 
real-world clinical data need to be collected to verify 
the constructed prognostic model. In conclusion, a 
novel prognostic model was constructed based on 
four DElncRNAs-related to DDR. The model has satis-
factory accuracy in predicting survival of ccRCC 
patients. In addition, the clinical features, TMB, immune 
cell infiltration, immune checkpoint expression, and 
drug sensitivity of ccRCC patients in the high- and 
low-risk group were analysed, which provides new per-
spective for the study of the treatment of ccRCC 
patients and lays a foundation for future exploration of 
the molecular mechanism of ccRCC.
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