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Abstract
Triaptosis, an emerging form of cell death, remains poorly characterized in terms of its heterogeneity within 
clear cell renal cell carcinoma (ccRCC). Utilizing single-cell transcriptomics, we delineate a landscape of triaptosis 
heterogeneity and identify monocytes and macrophages as exhibiting the highest triaptosis activity, which further 
increases upon terminal differentiation. These high-activity cells also demonstrate enhanced pro-angiogenic 
signaling toward endothelial cells. Within epithelial cells, subpopulations with the strongest triaptosis activity are 
located at the late differentiation stage and are closely associated with ccRCC traits. Spatial transcriptomic analysis 
reveals a decline in triaptosis activity with increasing distance from the tumor epithelial core. The epithelial cluster 
with the highest triaptosis activity showed reduced metabolic activity. In bulk transcriptome analysis, patients with 
high epithelial triaptosis activity infiltration exhibited improved prognosis, broader immune activation, and similarly 
suppressed metabolism. We subsequently developed a robust 4-gene prognostic signature based on module 
genes derived from high-triaptosis epithelial subpopulations. This model showed strong performance in prognostic 
stratification, immunotherapy guidance, and chemotherapy response prediction. Finally, we identified SLC25A37 
as a core oncogenic gene within the signature and proposed Yohimbic acid among several potential molecularly 
targeted therapeutics.
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​​Introduction
Renal cell carcinoma (RCC) accounts for nearly 500,000 
new cases each year worldwide [1], making it the sixth 
most commonly diagnosed cancer globally [2]. The clear 
cell subtype (ccRCC) represents the predominant form of 
RCC, comprising more than 70% of all cases [1]. While 
localized disease is associated with favorable outcomes, 
with 5-year survival rates approaching 95% [3], signifi-
cant clinical challenges remain due to the marked clini-
copathological heterogeneity of the disease [4]. Notably, 
metastases are either detected at initial diagnosis or 
develop during follow-up in approximately 30% of ccRCC 
patients [5], leading to poor prognosis and 5-year sur-
vival rates of less than 10% [6]. Thus, there is a pressing 
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need to identify reliable biomarkers to support clinical 
decision-making, facilitate accurate prognostic stratifica-
tion, guide targeted therapies, and elucidate mechanisms 
underlying tumor development and progression.

Programmed cell death is a tightly governed biologi-
cal process mediated by specific biomolecules, which 
stands in fundamental contrast to accidental cell death 
[7–8]. Dysregulation of this programmed mechanism is 
strongly implicated in the initiation and advancement of 
cancer [9]. Recently, since its debut in Science in October 
2024, an emerging cell death mode known as triaptosis 
has come to the attention of scientists. Menadione, a fat-
soluble precursor of vitamin K, triggers a distinct form of 
cell death known as triaptosis through oxidative modifi-
cation of phosphatidylinositol 3-kinase PIK3C3/VPS34. 
Specifically, it depletes glutathione (GSH) and promotes 
reactive oxygen species (ROS) generation, leading to 
the oxidation of cysteine residues (Cys54 and Cys61) on 
PIK3C3. This oxidative event results in a reduction of 
phosphatidylinositol 3-phosphate (PI(3)P), subsequent 
endosomal dysfunction, and ultimately the induction of 
triaptosis, illustrating how excessive oxidative stress dis-
rupts organellar integrity and activates specific cell death 
pathways [10–11]. However, the heterogeneity of triapto-
sis within the ccRCC microenvironment remains largely 
unknown, and the role of triaptosis activity in regulat-
ing key biological functions of ccRCC warrants further 
investigation.

In this study, we first analyzed triaptosis heterogene-
ity in monocytes and macrophages—the cell popula-
tions exhibiting the strongest triaptosis activity—based 
on single-cell omics data. Subsequently, focusing on epi-
thelial cells as representative cancer cells, we identified 
the subpopulations with the highest triaptosis activity, 
meticulously dissected their metabolic and functional 
landscapes, and mapped their characteristics onto spa-
tial and bulk transcriptomes to further explore their 
identity. Finally, recognizing the prognostic relevance 
of this highly triaptotic epithelial cell population, we 
extracted its representative genes and integrated ten 
machine learning algorithms to construct a prognostic 
risk model. This advanced clinical progress in prognosis 
stratification, immunotherapy efficacy prediction, and 
chemotherapy sensitivity prediction. Furthermore, we 
developed molecularly targeted drugs based on the mod-
el’s core oncogene. In summary, our integration of multi-
omics and machine learning advances the exploration of 
triaptosis heterogeneity in ccRCC, bridges biological and 
clinical disparities and fills the gap in this field.

Materials and methods
Data acquisition
The single-cell dataset GES171306 [12] for ccRCC was 
acquired from the TISCH2 portal ​(​​​h​t​t​p​:​/​/​t​i​s​c​h​.​c​o​m​p​b​i​o​

.​c​n​/​h​o​m​e​/​​​​​) and comprises two bilateral sporadic tumor 
samples. GWAS data for RCC were sourced from the IEU 
OpenGWAS project (https://gwas.mrcieu.ac.uk/). Spatial 
transcriptomics data (sample accession: GSM5924033 
[13]) and bulk transcriptomics cohort GSE167573 [14] 
for ccRCC were downloaded from the GEO database. 
The TCGA-KIRC cohort, representing bulk transcrip-
tomics data for ccRCC, was obtained from UCSC Xena, 
while the E-MTAB-1980 dataset was retrieved from the 
ArrayExpress database. Additionally, the ccRCC immu-
notherapy cohort published by Braun et al. was accessed 
via the supplementary materials of the corresponding 
Nature Medicine article [15]. Triaptosis-related genes 
were obtained from previous article [16].

Comprehensive single-cell analysis process
Single-cell analysis primarily relies on Seurat V5. For 
certain algorithms requiring V4 data structures, we 
employed the scCustomize package for conversion. 
After constructing single-cell files using CreateSeura-
tObject, we performed quality control based on thresh-
olds: total number of molecules detected within a cell 
> 1000, number of genes detected in each cell between 
200 and 10,000, and mitochondrial gene proportion ≤ 
20%. Following data normalization with NormalizeData, 
we extracted highly variable genes using FindVariable-
Features and performed PCA dimensionality reduction 
after data normalization. Subsequently, RunHarmony 
removed batch effects between samples, selected opti-
mal clustering parameters, and visualized results via 
UMAP dimensionality reduction. We annotated distinct 
cell populations—particularly monocytes and macro-
phages—based on classical cellular markers from prior 
literature [17–18]. This completes the fundamental prep-
aration of single-cell data.

Cell activity scores based on gene sets are computed 
using the AUCell algorithm, while cell-cell receptor com-
munication analysis utilizes the CellChat package. Cell 
differentiation potential is assessed via the CytoTRACE 
package, and pseudo-timing is generated using the Mon-
ocle 3 package. The scPagwas package bridges single-
cell omics with GWAS data to compute trait-associated 
scores for each cell [19]. Additionally, metabolic activ-
ity in single-cell transcriptomes was assessed using the 
scMetabolism package. Mapping single-cell transcrip-
tomic data to bulk transcriptomes was performed via 
the BayesPrism package to obtain cell infiltration scores 
for each sample [20]. The hdWGCNA package success-
fully mitigated sparsity in single-cell transcriptomes, 
enabling weighted gene co-expression network analysis 
(WGCNA) across cells to extract representative module 
genes.
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Spatial transcriptomics analysis
Spatial transcriptomics data were read using Seurat V5. 
Additionally, spatial transcriptomics data were deconvo-
luted using the Robust Cell Type Decomposition (RCTD) 
algorithm based on the spacexr package [21]. The GetTis-
sueCoordinates function was employed to obtain coordi-
nates for each spatial spot, thereby calculating the tumor 
epithelial core location.

Machine learning prognostic model development
Based on key module genes identified by hdWGCNA, 
we sequentially employed univariate Cox regression 
and Lasso regression to screen genes closely associ-
ated with prognosis. Subsequently, drawing upon Liu et 
al.‘s machine learning modeling approach [22], we inte-
grated Random Survival Forest (RSF), Elastic Network 
(Enet), Lasso, Ridge, stepwise Cox, CoxBoost, partial 
least squares regression for Cox (plsRcox), supervised 
principal components (SuperPC), generalized boosted 
regression modeling (GBM), and survival support vec-
tor machine (survival-SVM) to construct the optimal 
prognostic model. The TCGA-KIRC cohort served as 
the training set, while E-MTAB-1980 and GSE167573 
were used as validation sets. The combination yielding 
the highest average C-index was deemed to possess the 
greatest prognostic guidance potential. Additionally, for 
black-box model explanation, we employed SurvSHAP(t) 
from survex R package [23]. This algorithm, derived from 
SHAP explanation, links the contribution of variables in 
black-box survival models to outcome predictions with 
survival time, advancing the credibility and transparency 
of artificial intelligence in clinical practice.

Immune infiltration and functional activation landscape 
analysis
The stromal score and immune score were assessed using 
the Estimate package, while the specific immune cell 
infiltration was obtained via the CIBERSORT algorithm 
[24]. Additionally, multiple immune function-related 
gene sets were acquired from the ImmPort database 
(https:/​/www.im​mport.o​rg/s​hared/home). Differentially 
expressed genes in single-cell omics were identified using 
the FindAllMarkers function with thresholds of padj < 
0.05 and logFC > 0.25. In bulk transcriptomics, differ-
entially expressed genes were extracted using the limma 
package with thresholds of padj < 0.05 and logFC > 1. 
Subsequent enrichment analysis based on GO and KEGG 
was performed using the clusterProfiler package. Addi-
tionally, functional scoring of multiple gene sets was per-
formed using the ssGSEA algorithm.

Chemotherapy sensitivity analysis and targeted drug 
screening
Using the oncoPredict package, we integrated GDSC2 
data to assess the sensitivity of TCGA-KIRC cohort 
patients to 198 chemotherapy drugs, measured by IC50. 
Additionally, we conducted an in-depth analysis of the 
PRISM and CTRP databases using the “pRRophetic” 
package, focusing on the AUC of drug response, and 
screened drugs with significant negative correlations with 
TES based on Spearman correlation analysis to identify 
potential chemotherapy regimens with high TES.

Following the prediction of small molecule drugs tar-
geting core genes via the DSigDB database within the 
Enrichr platform, the corresponding protein and com-
pound structures were retrieved from the AlphaFold 
and PubChem. Molecular docking was performed with 
AutoDock 4.2 and AutoDock Tools 1.5.7 after prepar-
ing the protein structures through removal of crystal-
lographic water molecules, addition of hydrogen atoms, 
and assignment of charge parameters. The resulting 
docked complexes were visualized using PyMOL 3.0.5.

Molecular dynamics (MD) simulations were conducted 
in Gromacs 2022. Force field parameters were assigned 
using pdb2gmx and the AutoFF web server, with the 
CHARMM36 force field applied to the protein and the 
CGenff force field to the ligand. The system was solvated 
in a cubic box of TIP3P water molecules with a 1 nm buf-
fer zone around the solute, and counterions were added 
with gmx genion to neutralize the system. Long-range 
electrostatic interactions were computed using the Parti-
cle Mesh Ewald (PME) method with a 1.0 nm cutoff, and 
the SHAKE algorithm was employed to constrain cova-
lent bonds. Equations of motion were integrated with the 
Verlet leapfrog algorithm using a 1-fs time step. Energy 
minimization proceeded in three stages: (1) 3,000 steps 
of steepest descent with restrained solute atoms (water 
minimization), (2) 2,000 steps of conjugate gradient with 
restrained counterions, and (3) unconstrained minimi-
zation of the entire system. Production simulation was 
carried out in the NPT ensemble at 310  K for 100 ns. 
Trajectory analysis included calculations of root-mean-
square deviation (RMSD; gmx rms), root-mean-square 
fluctuation (RMSF; gmx rmsf), hydrogen bonding (gmx 
hbond), radius of gyration (Rg; gmx gyrate), and solvent-
accessible surface area (SASA; gmx sasa). Binding free 
energies were estimated using the MM-PBSA approach 
with g_mmpbsa.

Quantitative real-time PCR (qRT-PCR)
The specific methods for total RNA extraction and qRT-
PCR are described in supplementary materials. The fol-
lowing primers were used in this study:

RORA forward, 5’-​C​T​T​G​C​C​G​T​A​G​G​G​A​T​G​T​C​T​C​G-3’ 
and.

https://www.immport.org/shared/home
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COL5A2, is considered to be associated with the matrix. 
Overall, the Mono/Macro cell population exhibits nearly 
identical high triaptosis activity (Fig. 1G-H). CytoTRACE 
was used to assess the differentiation potential of cell 
clusters (Fig.  1I-J). Interestingly, when focusing on the 
entire Mono/Macro cell population, we found that cells 
with lower differentiation potential exhibited higher tri-
aptosis activity (Fig. 1K-L). We then evaluated cell com-
munication in Mono/Macro cells with high and low 
triaptosis activity. We found that Mono/Macro cells with 
high triaptosis activity exhibit stronger intercellular con-
nections with endothelial cells (Fig.  1M), particularly 
in terms of vascular endothelial growth factor (VEGF) 
receptor-mediated signaling (Fig.  1N-O). Addition-
ally, low triaptosis activity macrophages exhibit SPP1-
mediated cell-to-cell communication with endothelial 
cells, whereas this is absent in high triaptosis activity 
macrophages.

The landscape of triaptosis in epithelial cells (malignant)
The authors who uploaded the GSE131076 raw data used 
InferCNV to determine that all epithelial cells in the 
sample were malignant cells, which is consistent with the 
fact that ccRCC is a cancer derived from renal tubular 
epithelium. We then focused on this group of epithelial 
cells to explore the triaptosis heterogeneity of the cancer 
cells themselves. The epithelial cells were extracted and 
divided into six groups (Fig. 2A-B), with Epi 6 exhibiting 
the strongest triaptosis activity (Fig. 2C-D). CytoTRACE 
analysis indicated that Epi 6 had the lowest differen-
tiation potential (Fig.  2E-F), and pseudo-time analysis 
confirmed that Epi 6 was at the terminal stage of differ-
entiation (Fig. 2G). This aligns with the previous finding 
that triaptosis activity was enriched in cells with low dif-
ferentiation potential in the Mono/Macro group. Epithe-
lial cells with high and low triaptosis activity exhibited 
similar cellular communication (Fig.  2H), though high 
triaptosis epithelial cells showed slightly enhanced vas-
cular endothelial growth factor receptor interaction with 
endothelial cells. Additionally, low triaptosis epitheli-
als exhibit PLG-mediated cell communication, which is 
absent in high triaptosis epithelial cells (Fig. 2I). We then 
utilized the scPagwas algorithm to link single-cell data 
with GWAS trait data, finding that in epithelial cells, the 
Epi 6 subpopulation with high triaptosis activity shows 
the highest association with renal cell carcinoma traits 
(Fig. 2J-K).

We then deconvoluted the single-cell data into the spa-
tial transcriptome (Fig. 3A). Interestingly, the deconvolu-
tion algorithm determined that nearly all epithelial cells 
in the pathological sample exhibited high triaptosis activ-
ity (Fig. 3B). Based on this, we found that triaptosis activ-
ity decreased with increasing distance from the tumor 

RORA reverse, 5’-​G​A​A​G​T​T​C​C​G​T​C​A​G​C​C​C​G​T​T-3’;
PKHD1 forward, 5’-​G​G​A​C​C​A​C​G​A​G​A​T​A​G​C​T​G​T​A​C​

T-3’ and.
PKHD1 reverse, 5’-​C​C​C​A​T​T​T​G​T​C​T​C​C​T​T​G​A​G​C​T​

T-3’;
SLC25A37 forward, 5’-​A​G​A​A​A​A​T​C​A​T​G​C​G​G​A​C​C​G​A​

A​G-3’ and.
SLC25A37 reverse, 5’-​T​G​G​T​G​G​T​G​G​A​A​A​A​C​G​T​C​A​T​

T​T​A-3’;
PNISR forward, 5’-​A​T​G​T​G​G​G​A​T​C​A​A​G​G​A​G​G​A​C​A​

G-3’ and.
PNISR reverse, 5’-​C​A​G​C​C​C​A​A​T​C​A​A​T​C​T​G​G​C​T​T-3’;
Actin forward, 5’-​G​A​A​G​A​T​C​A​A​G​A​T​C​A​T​T​G​C​T​C​C​T​

C-3’ and.
Actin reverse, 5’-​A​T​C​C​A​C​A​T​C​T​G​C​T​G​G​A​A​G​G-3’.
Actin was used as an internal control. The procedures 

were performed three times to ensure accuracy and pre-
cision. The relative expression levels were calculated 
using the 2−ΔΔCT method. Immunohistochemical images 
for the gene were sourced from The Human Protein 
Atlas, comparing both cancerous and non-cancerous 
renal tissues.

Statistical analysis
All statistical analyses and data visualization were con-
ducted using R (version 4.4.1). A significance threshold 
of P < 0.05 was adopted, with multiple testing corrections 
performed using the Benjamini–Hochberg method to 
control the false discovery rate (FDR) where applicable. 
Inter-group differences were assessed primarily with the 
Wilcoxon rank-sum test, and correlations were evaluated 
using Spearman’s rank-based method.

Results
Triaptosis in the ccRCC microenvironment, with a focus on 
monocytes and macrophages
Based on the GSE171306 ccRCC single-cell transcrip-
tomics dataset, we clustered 24 clusters (Fig.  1A) and 
annotated them into 10 cell types (Fig.  1B, Fig S1). We 
calculated the triaptosis activity of each cell using the 
AUCell algorithm and found that monocytes and mac-
rophages had the highest scores (Fig.  1C-D). We then 
focused on these two cell types and extracted them for 
detailed analysis. The Monocyte/Macrophage cell popu-
lation was further clustered into 7 clusters (Fig.  1E), 
with clusters 3 and 4 representing monocytes and the 
remaining clusters representing macrophages (Fig.  1F, 
Fig S2). Cluster 3 exhibited non-classical monocyte char-
acteristics, while cluster 4 was VCAN-positive. Clusters 
0–2 represent typical inflammatory macrophages, with 
cluster 0 highly expressing CLDN1 and cluster 1 highly 
expressing LILRB5. Cluster 5, which highly expresses 
AREG, is considered to have more pronounced angio-
genic characteristics, while cluster 6, which expresses 
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Fig. 1  The triaptosis landscape in the ccRCC microenvironment, focusing on monocyte-derived macrophages (A) Clusters of GSE171306 (B) Cell types of 
GSE171306 (C) Differences in triaptosis activity across various cell types (D) Landscape of triaptosis activity (E) Clusters of monocytes and macrophages 
(F) Subtypes of Mono/Macro cell populations (G) Differences in triaptosis activity in Mono/Macro (H) Landscape of triaptosis activity in Mono/Macro (I) 
Differences in CytoTRACE differentiation potential (J) Landscape of CytoTRACE differentiation potential (K) Differences in triaptosis activity between high 
and low CytoTRACE groups (L) Differences in differentiation potential between high and low triaptosis groups (M) Intercellular communication strength 
(N-O) Differences in cellular communication between macrophages (N) and monocytes (O) with high and low triaptosis activity
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core, indicating stronger triaptosis activity in the tumor 
core (Fig. 3C-D).

Metabolic and functional landscape of Epi 6 with high 
triaptosis activity
Given that Epi 6 exhibits the strongest triaptosis activity 
and is considered to be highly correlated with cancerous 
traits, we focused on this epithelial cell subpopulation for 
detailed analysis, with an emphasis on exploring meta-
bolic and functional heterogeneity. In the three major 
metabolic pathways—glucose metabolism, lipid metabo-
lism, and amino acid metabolism—Epi 6 showed signifi-
cant downregulation (Fig.  4A). However, we observed 
significant upregulation in arginine biosynthesis (Fig. 4B-
C) and glycerophospholipid metabolism (Fig.  4D-E). In 
some classic cancer-related functional pathways, oxida-
tive phosphorylation and responses to oxidative stress 

were downregulated in Epi 6, while MAPK signaling, 
Hedgehog signaling and mTOR signaling were activated 
(Fig. 4F). Gene enrichment analysis of Epi 6-related dif-
ferentially expressed genes highlighted dysregulation in 
transcription and translation processes within this cell 
population (Fig. 4G). Additionally, GSEA further empha-
sized the significant downregulation of oxidative phos-
phorylation (Fig. 4H).

Characteristics of Epi 6 infiltration at the bulk 
transcriptomic level
Utilizing the BayesPrism deconvolution algorithm, we 
projected the Epi 6 features at the single-cell transcrip-
tomic level onto the bulk transcriptome, yielding the 
corresponding Epi 6 infiltration scores for each sample. 
During the deconvolution process, most ribosomal and 
mitochondrial genes were filtered out. Protein-coding 

Fig. 2  The triaptosis landscape in epithelial (A) Clusters of epithelial (B) Subtypes of epithelial (C) Differences in triaptosis activity across epithelial types 
(D) Landscape of triaptosis activity (E) Differences in CytoTRACE differentiation potential (F) Landscape of CytoTRACE differentiation potential (G) Pseudo-
time sequence of epithelial cells (H) Intercellular communication strength (I) Differences in cellular communication between epithelials with high and 
low triaptosis activity (J) Landscape of scPagwas trait-related score (K) Differences in scPagwas trait-related score across epithelial types
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RNAs showed the highest correlation, whereas long non-
coding RNAs and pseudogenes were largely not selected, 
indicating that the deconvolution primarily focused on 
protein-coding genes (Fig. 5A-B). Interestingly, the infil-
tration level of Epi 6 was lower in Stage III-IV patients 
compared to Stage I-II patients. Similarly, the infiltration 
of Epi 6 was also reduced in M1 patients compared to M0 
patients (Fig. 5C). Additionally, we observed that patients 
with high Epi 6 infiltration exhibited longer overall sur-
vival, disease-specific survival, and progression-free 
interval (Fig.  5D). In summary, high Epi 6 infiltration 
with high triaptosis activity may be a characteristic of 
better prognosis in ccRCC.

Given this, we analyzed the functional activation land-
scape and immune differences between Epi 6 high- and 
low-infiltration subgroups. ssGSEA analysis based on 

the Hallmark gene set revealed that immune-related 
pathways were widely activated in the Epi 6 high-infil-
tration group, particularly interferon-related pathways 
and TNF-α signaling, while metabolic pathways were 
significantly downregulated, including but not limited 
to glycolysis, fatty acid metabolism, and ROS pathways 
(Fig. 5E). Additionally, we performed enrichment analysis 
on genes differing between the high- and low-infiltration 
subgroups, highlighting disruptions in pathways such as 
endothelial cell proliferation, the PI3K-AKT pathway, 
and the MAPK pathway (Fig. 5F).

We then conducted a detailed analysis of the immune 
landscape. Utilizing “Estimate”, we observed that the 
high Epi 6 infiltration subgroup exhibited higher matrix 
scores and immune scores (Fig. 5G). Focusing on specific 
immune cells, we found that the high Epi 6 infiltration 

Fig. 3  Spatial Transcriptomic Landscape of Triaptosis (A) HE-stained section sample (B) Deconvolute single-cell transcriptomic cell types into spatial 
transcriptomics (C) Triaptosis activity in spatial transcriptomics (D) Triaptosis activity varies with distance from the tumor core
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Fig. 4  Metabolic and functional activation landscape of the Epi 6 subgroup (A) Activity index of metabolic pathways among epithelial cell populations 
(B) Differences in the activity of arginine biosynthesis (C) Landscape of arginine biosynthesis (D) Differences in the activity of glycerophospholipid me-
tabolism (E) Landscape of glycerophospholipid metabolism (F) Differences in epithelial cell populations across certain cancer-related pathways (G) GO 
and KEGG-based enrichment analysis of differentially expressed genes related to Epi 6 (H) GSEA of Epi 6
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Fig. 5 (See legend on next page.)
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group had more M1 macrophages, while the low Epi 6 
infiltration group had more Tregs (Fig. 5H). Among the 
immune-related pathways assessed by ssGSEA, those 
with statistical significance were all upregulated in the 
high Epi 6 infiltration group, such as T helper cells and 
interferon response (Fig.  5I). Additionally, most HLA 
molecules were also upregulated in the high Epi 6 infil-
tration group, including but not limited to HLA class I 
molecules (Fig. 5J).

Construction of Epi 6-related ccRCC prognostic model
Given that Epi 6 exhibited the strongest triaptosis activ-
ity in epithelial cell subpopulations in the aforemen-
tioned analysis, and was highly correlated with renal cell 
carcinoma traits and patient prognosis, we decided to 
construct a prognosis model for ccRCC patients based 
on Epi 6 feature genes, bridging single-cell omics het-
erogeneity with clinical decision-making. The hdW-
GCNA algorithm was used to extract key gene modules 
(Fig. 6A), yielding nine modules (Fig. 6B). We calculated 
activity scores based on the top 25 genes in each mod-
ule (Fig. 6C), and it was evident that the yellow module 
was most closely associated with Epi 6 (Fig. 6D). We then 
performed an enrichment analysis on the genes in the 
yellow module using the Metascape portal to explore the 
biological significance of the module (Fig.  6E-F). Over-
all, entries related to RNA processing were significantly 
enriched, including but not limited to RNA splicing, spli-
ceosomal complex assembly, and the mRNA surveillance 
pathway, suggesting that the genes in this module may be 
deeply involved in the entire process of RNA metabolism. 
The yellow module was therefore selected for subsequent 
prognostic model construction.

Given the large number of genes in the modules, we 
first performed preliminary screening using univariate 
Cox regression and Lasso regression, identifying nine 
key genes. Subsequently, based on these nine key genes, 
we integrated ten machine learning algorithms to con-
struct a combined prognostic model. Ultimately, the 
StepCox[backward] + RSF model was identified as the 
optimal model due to its highest average C-index, incor-
porating four genes: RORA, SLC25A37, PKHD1, and 
PNISR (Fig.  7A). We thus obtained a risk score named 
Triaptosis-Epi 6 Score (TES). Scatter plots showed that 
as the TES increased, patient survival time decreased 
(Fig.  7B), while KM curves further illustrated signifi-
cant prognostic stratification between high and low TES 
groups (Fig. 7C). The predictive ability of TES for patient 

survival was also assessed using ROC curves, with AUC 
values exceeding 0.9 in the TCGA-KIRC cohort and gen-
erally exceeding 0.7 in the E-MTAB-1980 and GSE167573 
cohorts, even surpassing 0.8 in some cases (Fig.  7D). 
Given that the RSF model is a black-box model based on 
random forests, we used SurvSHAP(t) to assess the con-
tribution of each model gene to prognostic assessment 
over time (Fig. 7E-F). The results showed that RORA was 
the most significant factor, followed by PKHD1, both of 
which are protective factors. SLC25A37 and PNISR are 
risk factors, with SLC25A37 having a greater predictive 
contribution. In summary, we constructed a high-preci-
sion ccRCC prognostic model based on key genes related 
to Epi 6, and enhanced the transparency of the black-box 
model using SurvSHAP(t), thereby advancing the cred-
ibility of artificial intelligence in clinical practice.

Differences in immune infiltration and immunotherapy 
between high and low TES groups
The TES score we constructed based on the characteris-
tic genes of the Epi 6 cell population with high Triaptosis 
activity demonstrated satisfactory prognostic stratifica-
tion capability. We then further explored the differences 
in immune function activation between the high and low 
TES groups to investigate the potential of TES to guide 
immunotherapy. The low TES group exhibited prominent 
monocyte infiltration, while the high TES group showed 
significantly increased Treg abundance (Fig.  8A). Inter-
estingly, focusing on T cells, we found that the abundance 
of terminally exhausted T cells was increased in the high 
TES group (Fig. 8B), whereas in the low TES group, the 
majority of molecules in the TCR signaling pathway were 
upregulated (Fig.  8C). Additionally, molecules involved 
in antigen presentation, including but not limited to class 
I HLA, were largely upregulated in the low TES group 
(Fig.  8D). The upregulation of interleukin receptors, 
chemokine receptors, and TNF family molecules in the 
low TES group is also noteworthy (Fig.  8E-G). In sum-
mary, the low TES group is characterized by widespread 
immune function activation. This finding is also suc-
cessfully reflected in the treatment response differences 
observed in the immunotherapy cohort. In Braun et al.‘s 
ccRCC immunotherapy cohort, the CR/PR group had 
lower TES levels, and low TES was associated with better 
prognosis (Fig. 8H). The above analysis demonstrates the 
immunological significance of the TES prognostic model 
we constructed and its potential to guide the efficacy of 
immunotherapy.

(See figure on previous page.)
Fig. 5  Bulk transcriptome analysis of Epi 6 characteristics (A) Correlation of gene expression between bulk RNA and scRNA-seq (B) Noise-generating 
genes were removed during BayesPrism deconvolution (C) Differences in Epi 6 infiltration across clinical stages (D) Differences in prognosis between high 
and low Epi 6 infiltration groups (E) Differences in Hallmark pathway activation (F) Enrichment analysis of differentially expressed genes between high 
and low Epi 6 infiltration groups (G) Differences in stromal score and immune score (H) Differences in Cibersort immune cell abundance (I) Differences 
in HLA molecules expression
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Differences in chemotherapy sensitivity between high- and 
low-TES groups
Based on GDSC2 data, we found that patients in the high 
TES group exhibited lower IC50 values for Gemcitabine, 
Cisplatin, Vorinostat, Rapamycin, and 5-FU (Fig.  9A), 
with significant negative correlations observed with TES 
levels (Fig.  9B). This suggests that patients in the high 
TES group may demonstrate greater sensitivity to these 
chemotherapeutic agents. Analyses utilizing the CTRP 

and PRISM databases further highlight that Gemcitabine 
may yield superior efficacy in high TES patients. Further-
more, the potential activity of Paclitaxel and Docetaxel in 
high TES patients should not be overlooked (Fig. 9C-F).

Characteristics of TES model component genes
We then returned to the single-cell transcriptome to 
characterize the expression patterns of genes composing 
the TES model. RORA exhibited the highest expression 

Fig. 6  hdWGCNA screening of key gene modules (A) hdWGCNA dendrogram (B) Key genes within the modules (C) Active distribution of the modules 
(D) Modular activity in different epithelial cell clusters (E) Metascape enrichment analysis based on the yellow module gene (F) Functional module protein 
interaction network based on the results of Metascape enrichment analysis of the yellow module gene
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Fig. 7  Construction of machine learning prognostic model based on Epi 6 signature genes (A) C-index heatmap of different machine learning combina-
tion (B) Scatter plots of prognosis stratification (C) KM curves based on high and low TES (D) Time-dependent ROC curves of TES (E) Priority ranking of 
SurvSHAP(t) explanation (F) Beeswarm plot of SurvSHAP(t) explanation
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in NK cells and T cells, with substantial expression also 
observed in epithelial cells, endothelial cells, and fibro-
blasts. PKHD1 expression demonstrated epithelial cell 
specificity. SLC25A37 showed the highest expression 
in monocytes, with significant expression also present 
in epithelial cells and endothelial cells. PNISR is highly 
expressed in various cell types (Fig. 10A-B). When focus-
ing on epithelial cells, we found that all four model genes 
exhibited the highest expression levels in Epi 6 (Fig. 10C-
D), consistent with the fact that our model is derived 
from the Epi 6-related gene module.

When we focus on specific clinical features, RORA 
expression was up-regulated in ccRCC samples and its 

high expression was associated with longer OS, DSS and 
PFI (Fig S3 A). PKHD1 expression was down-regulated 
in ccRCC and its high expression was also predictive of 
a better prognosis (Fig S3 B). SLC25A37 showed a typi-
cal oncogene profile and was up-regulated in ccRCC 
samples and those with high expression had a poorer 
prognosis (Fig S3 C). PNISR was upregulated in cancer 
tissues and associated with poorer OS, but stratifica-
tion in DSS and PFI was not statistically significant (Fig 
S3 D). The above findings are consistent with the model 
explanation of SurvSHAP(t), further affirming the clinical 
relevance of our prognosis model. In addition, we con-
ducted qRT-PCR experiments using ccRCC and normal 

Fig. 8  Differences in immune functions between high- and low-TES groups (A) Differences in Cibersort immune cell infiltration (B) Differences in terminal 
exhausted T cell infiltration (C) Differential expression of genes in the TCR signaling pathway (D) Differential expression of genes in the antigen processing 
and presentation pathway (E) Differential expression of genes in the interleukins receptors (F) Differential expression of genes in the chemokine receptors 
(G) Differential expression of genes in the TNF family members (H) The guiding role of TES in Braun et al.‘s immunotherapy cohort
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Fig. 9  The Chemotherapy Guidance Potential of TES (A) Differences in IC50 values for common chemotherapy drugs between High- and Low-TES groups 
(B) Correlation between IC50 and TES (C-D) Screening potential chemotherapeutic drugs based on CTRP (E-F) Screening potential chemotherapeutic 
drugs based on PRISM
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Fig. 10  Single-cell transcriptome expression characteristics of model genes (A) Expression patterns of model genes across all cell types (B) Comparison 
of model gene expression across all cell types (C) Expression patterns of model genes in epithelial (D) Comparison of model gene expression in epithelial
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tissue samples to validate the differential expression of 
the genes identified in our model, and the results were 
consistent with our bioinformatics analysis (Fig.  11A). 
Immunohistochemical images from the HPA database 
further confirmed the differential expression patterns 
of these genes at the protein level (Fig.  11B). This lays 
the foundation for the future clinical application of our 
model.

Molecular drug development targeting the core oncogene 
SLC25A37 in the TES model
Given that SLC25A37 is the most prominent onco-
gene among the four model gene types, we attempted to 
screen drugs targeting SLC25A37 to lay the foundation 
for future drug development. Using the DSigDB data-
base within the Enrichr portal, we identified the top four 
molecularly targeted drugs for SLC25A37. Molecular 
docking validation revealed Yohimbic acid demonstrated 
the highest binding potential with a binding energy of 

-9.2  kcal/mol (Fig.  12A), followed by Diacetylmorphine 
at -8.6  kcal/mol (Fig.  12B). Although the binding ener-
gies of Chlorpyrifos oxon and Methazolamide were less 
ideal than the aforementioned two, both were still below 
− 6  kcal/mol (Fig.  12C-D). Subsequently, we performed 
molecular dynamics simulations on the most promis-
ing drug-target pair, Yohimbic acid and SLC25A37, to 
enhance credibility.

The stability of the simulated system was assessed using 
root mean square deviation (RMSD). The complex sys-
tem exhibited stable fluctuations between 25 ns and 65 
ns, showing a slight upward trend after 65 ns, but over-
all remained below 2.3 Å (Fig. 12E). Therefore, this small 
molecule demonstrates high stability when bound to the 
target protein. The radius of gyration (Rg) characterizes 
overall structural changes and reflects protein packing 
density. The complex system exhibited slight fluctua-
tions during motion, indicating conformational changes 
in the small molecule-target protein complex (Fig. 12F). 

Fig. 11  Validation of differential expression of model genes (A) qRT-PCR validation of the differential expression of model genes (B) Immunohistochemi-
cal images of protein expression in model genes
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Solvent-accessible surface area (SASA), a measure of 
protein surface area, showed minor fluctuations in the 
complex system. This demonstrates that the bound small 
molecule affects the binding microenvironment, leading 
to a certain degree of SASA change (Fig. 12G). Hydrogen 
bonds play a crucial role in ligand-protein interactions. 
In most cases, the complex formed approximately three 
hydrogen bonds (Fig. 12H). This indicates strong hydro-
gen bonding interactions between the ligand and target 
protein. Root mean square fluctuation (RMSF) quantifies 

the flexibility of amino acid residues within a protein. The 
RMSF values for this complex were relatively low (mostly 
below 2.1 Å), suggesting low flexibility and high stabil-
ity (Fig.  12I). Subsequently, the MM/PBSA method was 
employed to calculate the binding free energy between 
the small molecule and the target protein based on the 
complex’s binding conformation (Fig.  12J). The results 
yielded a very low negative value, indicating substan-
tial binding potential. Finally, a free energy landscape 
plot was utilized to visualize the free energy distribution 

Fig. 12  Molecular drug screening targeting SLC25A37 (A-D) Molecular docking of potential small molecule drugs with SLC11A1 (E) RMSD values of 
protein-ligand complexes over time (F) Rg values of protein-ligand complexes over time (G) SASA values of protein-ligand complexes over time (H) 
Number of hydrogen bonds (I) RMSF values of amino acid backbone atoms in protein-ligand complexes (J) Binding free energy components (K) Free 
energy landscape of protein-ligand complexes
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calculated from RMSD and Rg during the protein-ligand 
molecular dynamics simulations (Fig. 12K). In summary, 
the complex system exhibits stable binding, and the com-
plex demonstrates strong hydrogen bonding interactions. 
Consequently, the small molecule interacts effectively 
with the target protein.

Discussion
Menadione, a lipophilic vitamin K precursor, induces 
a unique cell death pathway termed triaptosis by oxida-
tively modifying phosphatidylinositol 3-kinase PIK3C3/
VPS34. This process involves GSH depletion and 
enhanced ROS production, which oxidize specific cys-
teine residues on PIK3C3. Consequently, PI(3)P levels 
decrease, leading to endosomal dysfunction and ulti-
mately triaptosis. This mechanism demonstrates how 
severe oxidative stress compromises organellar integrity 
and triggers specific cell death pathways. In our study, we 
conducted the first integrated multi-omics analysis of tri-
aptosis heterogeneity in ccRCC, subsequently construct-
ing a robust prognostic model based on signature module 
genes from key epithelial cell subpopulations exhibiting 
high triaptosis activity. Overall, we leveraged bioinfor-
matics and machine learning modeling to bridge the gap 
between biology and medicine, providing insights for 
personalized approaches from cellular discovery to clini-
cal translation.

An interesting finding is that monocytes and macro-
phages exhibit the strongest triaptosis activity. During 
phagocytosis, macrophages initiate “respiratory bursts”, 
actively generating large amounts of ROS [25–26]. This 
implies their intracellular basal ROS levels are inher-
ently elevated, frequently depleting the GSH system. 
Consequently, when exposed to additional stimuli such 
as inflammatory cytokines or menadione analogues, 
they more readily breach the oxidative stress threshold, 
reaching the critical point of GSH depletion and PIK3C3 
oxidation. An interesting finding is that monocytes and 
macrophages exhibit the strongest triaptosis activity. 
When performing phagocytosis, macrophages initiate 
“respiratory bursts,” actively generating large amounts of 
ROS. This implies their intracellular basal ROS levels are 
inherently elevated, frequently depleting the GSH sys-
tem. Consequently, when exposed to additional stimuli 
such as inflammatory cytokines or menadione analogues, 
they more readily breach the oxidative stress threshold, 
reaching the critical point of GSH depletion and PIK3C3 
oxidation. On the other hand, macrophages serve as ded-
icated “scavenger” cells, exhibiting highly active endocy-
tosis and phagocytosis. All these membrane transport 
processes rely heavily on PI(3)P to ensure proper local-
ization of endocytic vesicles [27]. Consequently, even a 
slight reduction in PI(3)P can profoundly disrupt macro-
phage homeostasis, rapidly causing the collapse of their 

endosomal system and thereby increasing susceptibility 
to triaptosis.

Another noteworthy phenomenon is the low differen-
tiation potential of cells exhibiting high triaptosis activ-
ity. First, triaptosis signifies a distinct mode of cell death. 
It is widely accepted that a cell undergoing death can-
not simultaneously differentiate efficiently—a principle 
established early on, particularly in the context of apop-
tosis [28]. High triaptosis activity indicates that cells have 
entered a death program, naturally losing their differen-
tiation potential. Furthermore, membrane remodeling is 
a crucial step in cell differentiation. For instance, receptor 
downregulation requires endocytosis, while new surface 
markers necessitate vesicular transport to the membrane 
[29–30]. As a central regulator of membrane dynamics 
and signal transduction, the disruption of PI(3)P during 
triaptosis inevitably deals a severe blow to the differentia-
tion process [31].

We observed more pronounced interactions between 
angiogenesis-related co-receptors and endothelial cells 
in macrophages and monocytes exhibiting high triapto-
sis activity. As previously noted, triaptosis is mediated 
to some extent by the massive accumulation of ROS due 
to decompensated ROS production. ROS is actually a 
key potential inducer of HIF-1 [32], which directly trig-
gers angiogenesis, including the massive release of VEGF 
factors [33–34]. Furthermore, ROS surges are accompa-
nied by marked upregulation of the NF-κB pathway [35], 
which is also notorious for stimulating angiogenesis [36]. 
Naturally, we have another hypothesis. PI(3)P is crucial 
for forming vesicular membrane structures and conduct-
ing endosomal sorting. When PI(3)P is depleted during 
triaptosis, normal vesicle maturation is disrupted. These 
vesicles fail to fuse with lysosomes for degradation and 
may also be unable to undergo exocytosis. This could lead 
to the accumulation of immature vesicles loaded with 
factors like VEGF within the cell. The membrane rup-
ture accompanying triaptosis could then trigger massive 
release of these vesicles and their VEGF contents into the 
extracellular space. However, this remains a hypothesis. 
We plan to confirm it through immunofluorescence and 
electron microscopy studies to determine whether mac-
rophages undergoing high triaptosis exhibit substantial 
accumulation of VEGF-positive vesicles.

In spatial transcriptomics samples, we observed that 
triaptosis activity diminishes with increasing distance 
from the tumor epithelial core, indicating that the tumor 
core exhibits more pronounced triaptosis processes. The 
tumor core region is the least vascularized area, facing 
the most severe hypoxia [37]. Under hypoxic conditions, 
the electron transport chain in cellular mitochondria 
becomes impaired, leading to increased electron leakage 
and massive ROS production [38], which in turn medi-
ates vigorous triaptosis.
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In epithelial cells, we observed that the Epi 6 sub-
population exhibited the most robust triaptosis activ-
ity, significantly surpassing other subpopulations. This 
subpopulation demonstrated pronounced metabolic 
reprogramming, characterized by widespread down-
regulation of the three major metabolic pathways and 
oxidative phosphorylation, yet showed upregulation of 
arginine biosynthesis and glycerophospholipid metabo-
lism. Arginine serves as a precursor for polyamines [39], 
which possess antioxidant properties capable of stabi-
lizing membrane structures and scavenging ROS [40]. 
Argininbiosynthesis partially counteracts the intense 
ROS response during triaptosis. Furthermore, the core 
mechanism of triaptosis involves the collapse of the 
endosomal membrane system due to PI(3)P depletion. 
Phospholipids form the foundation of all cell membranes. 
The integrity and function of endosomes, lysosomes, 
and even the plasma membrane depend on continuous 
glycerophospholipid synthesis and remodeling [41]. The 
activation of glycerophospholipid metabolism likely rep-
resents an emergency repair mechanism initiated by cells 
to counteract the extensive membrane damage and leak-
age triggered by triaptosis. Moreover, prior studies have 
demonstrated that glycerophospholipid metabolism and 
arginine biosynthesis mediated by the tumor suppres-
sor gene BRCA1 constitute a metabolic reprogramming 
associated with favorable prognosis in breast cancer [42]. 
This finding is echoed in our research: after deconvolut-
ing single-cell transcriptomes to bulk transcriptomes 
using BayesPrism, patients with high Epi 6 infiltration 
exhibited better prognosis.

MAPK pathway activity was also found to be upregu-
lated in the Epi 6 subpopulation exhibiting high triap-
tosis. ROS can activate key components in the MAPK 
pathway—P38 signaling and JNK signaling—thereby trig-
gering cell death [43–44]. Furthermore, reports indicate 
that vitamin K2 induces cancer cell death through ROS-
mediated activation of the JNK/p38 MAPK pathway [45]. 
This mechanism parallels the upregulation of MAPK sig-
naling in epithelial cells exhibiting high triaptosis activ-
ity, as triaptosis was initially thought to be triggered by 
precursors of vitamin K.

Extending to the bulk transcriptome, we found that 
patients with high Epi 6 infiltration also exhibited down-
regulation of numerous metabolic pathway activities, 
consistent with single-cell transcriptomics. Furthermore, 
we observed stronger immune activation in the high Epi 
6 infiltration group, including enhanced interferon path-
ways and HLA class I molecule expression. This may 
offer a potential explanation for the improved prognosis 
observed in patients with high Epi 6 infiltration.

Epi 6 epithelial cell subpopulations drew our atten-
tion due to their strongest triaptosis activity and high 
prognostic relevance. We extracted their characteristic 

gene modules via hdWGCNA and constructed a robust 
prognostic model based on integrated machine learning. 
The combination of StepCox[backward] + RSF was iden-
tified as the optimal method due to its highest average 
C-index. We successfully calculated risk scores for each 
bulk transcriptome sample based on the four included 
genes—RORA, PKHD1, SLC25A37, and PNISR—naming 
this score TES. RORA, identified as a tumor suppressor 
in gastric and prostate cancers, is regulated by multiple 
non-coding RNAs, with its downregulation associated 
with poor prognosis [46–47]. PKHD1 has gained atten-
tion in colorectal cancer, where its mutations indicate 
unfavorable patient outcomes [48]. SLC25A37, a solute 
transporter regulating intracellular iron homeostasis, 
demonstrates prognostic significance in ccRCC as part 
of a NETosis-related prognostic model. Overexpression 
of SLC25A37 stimulates proliferation and migration 
in ccRCC cancer cells [49]. Finally, research on PNISR 
remains scarce, with reports indicating its interaction 
with circular RNAs to maintain latent Kaposi’s sarcoma-
associated herpesvirus infection [50]. In summary, the 
genes incorporated into our model are associated with 
cancer in multiple ways, reflecting the biological signifi-
cance underlying the model.

Our TES scoring system also delineates the immune 
function landscape of patients. The high-TES group 
exhibits increased Treg infiltration, with Tregs promot-
ing immune evasion and tumor metastasis in ccRCC [51]. 
In the low-TES group, numerous immune killing pathway 
molecules show upregulation, such as TCR signaling and 
antigen presentation processes. Immune activation in the 
low-TES cohort was further demonstrated in the immu-
notherapy cohort, where patients with lower TES scores 
exhibited better prognosis and constituted the majority 
of CR/PR responders. Additionally, our model showed 
significant potential in guiding chemotherapy selection. 
We identified a series of chemotherapeutic agents poten-
tially more effective for high-TES patients, notably Gem-
citabine. In summary, beyond prognostic stratification, 
our TES score holds considerable promise for clinical 
treatment decisions.

The gene SLC25A37 in our model drew our atten-
tion due to its strong association with poor prognosis. 
We screened potential drugs targeting SLC25A37 and 
conducted molecular docking and molecular dynamics 
simulations. Results indicate that yohimbic acid exhibits 
satisfactory targeting capability for SLC25A37. Previous 
studies indicate that yohimbine plays a significant role in 
treating oral cancer [52–53]. Furthermore, it may exert 
anticancer effects by targeting oncogenes such as ERK 
and PIK3α [54]. Our chemoinformatics simulations lay 
the groundwork for subsequent targeted drug develop-
ment and propose personalized insights into repurposing 
yohimbine as an old drug for new applications. Although 
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we are currently constrained by funding and experi-
mental limitations, we have proposed a feasible plan for 
future experiments targeting SLC25A37 using yohimbic 
acid. First, to validate the anticancer efficacy of yohimbic 
acid, we plan to integrate in vitro cell experiments with in 
vivo animal studies. We intend to use at least two ccRCC 
cell lines, establishing control and Yohimbic acid gradient 
concentration groups, and assess the proliferative capac-
ity of ccRCC cells using CCK-8 assays and colony forma-
tion assays. Additionally, we will use Transwell assays and 
wound healing assays to evaluate the effects of Yohimbic 
acid on the migration of ccRCC cells. For in vivo animal 
experiments, we plan to establish a subcutaneous xeno-
graft tumor model in nude mice, again dividing the sub-
jects into an experimental group and a group receiving 
varying concentrations of yohimbic acid. Tumor volume 
and weight will serve as primary outcome measures, and 
Ki-67 immunohistochemical staining of tumor tissue sec-
tions will be performed as an adjunctive assay for pro-
liferation markers. The second part of the study aims to 
validate that yohimbic acid exerts anticancer effects by 
targeting SLC25A37. To verify target binding and direct 
interactions, we can employ surface plasmon resonance 
(SPR) or microcalorimetry (MST), which are the gold 
standards for demonstrating direct binding between 
small molecules and purified proteins. We can use puri-
fied SLC25A37 protein or fragments of its key transmem-
brane domains to measure the binding affinity between 
yohimbic acid and the protein. Additionally, we can 
employ cell-based thermal shift assay (CETSA) by treat-
ing cells or cell lysates with yohimbic acid and then heat-
ing them to denature the proteins. If the drug binds to 
SLC25A37, it will increase the protein’s thermal stability. 
We will use Western blotting to detect the remaining lev-
els of SLC25A37 in lysates at different temperatures. Res-
cue experiments provide key evidence that the anticancer 
activity of yohimbic acid is indeed SLC25A37-dependent. 
We plan to design four cell line groups: a control group 
(empty vector + solvent); a drug-treated group (empty 
vector + yohimbic acid); an SLC25A37 overexpression 
group (SLC25A37 overexpression plasmid + solvent); and 
the SLC25A37 overexpression + drug group (SLC25A37 
overexpression plasmid + yohimbic acid). If yohimbic 
acid exerts its effects by inhibiting SLC25A37, then the 
anticancer effect of yohimbic acid should be significantly 
reversed in cells overexpressing SLC25A37. I believe that 
the further experimental studies described above will 
provide valuable insights into innovative targeted thera-
pies for ccRCC.

Although our findings are encouraging, we must 
acknowledge several limitations. Fortunately, however, in 
this era of rapid progress in bioinformatics-based cancer 
research, many influential papers provide guidance for 
overcoming these limitations in the future [55–57]. First, 

our study is based on bioinformatics analysis, which may 
differ from actual biological expression. Moving forward, 
we will collaborate with laboratory partners to explore 
the significance of the triaptosis process in ccRCC cancer 
cells through extensive cellular experiments. Addition-
ally, our bulk transcriptomics samples primarily focus on 
European and American populations, which may intro-
duce ethnic biases. In the future, we plan to collect more 
bulk transcriptomics cohorts for more comprehensive 
analysis and establish a ccRCC cohort within our hospital 
to advance the development of our model reagent kit.
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