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Abstract: Objective: To identify pyroptosis, apoptosis, and necroptosis (PANoptosis)-related genes (PRGs) in clear cell renal 
cell carcinoma (ccRCC) for patient stratification and prognosis prediction. Methods: We used differential expression analysis 
and weighted gene co-expression network analysis (WGCNA) to identify ccRCC-specific PRGs. A prognostic model, the 
PANoptosis-index (PANI), was constructed using least absolute shrinkage and selection operator (LASSO) and Cox regression. 
The PANI model, comprising PRGs, was validated through single-cell RNA-sequencing (scRNA-seq), immunohistochemistry, 
and reverse transcription-quantitative polymerase chain reaction (RT-qPCR). Patient cohorts were categorized into high- and 
low-PANI groups, and the model’s performance was appraised using various metrics. External validation was performed with 
the E-MTAB-1980 dataset. Functional and gene set enrichment analyses distinguished biological differences between groups. 
Mutational landscapes and tumor immune microenvironments were compared. Sensitivity to immunotherapy and antineoplastic 
drugs was also predicted using PANI. The effects of Z-DNA-binding protein 1 (ZBP1) on cell proliferation and migration were 
assessed by cell counting kit-8 (CCK-8) and Transwell assays. Results: We identified five PRGs (ZBP1, tumor necrosis factor 
superfamily protein 14 (TNFSF14), cyclin-dependent kinase inhibitor 3 (CDKN3), parathyroid hormone-like hormone (PTHLH), 
and heme-oxygenase 1 (HMOX1)) constituting PANI, independently associated with ccRCC patient prognosis. The PANI-based 
nomogram, integrated with clinical factors, demonstrated high predictive accuracy for prognosis. High-PANI patients exhibited 
distinct co-mutation patterns in ccRCC driver genes and lower survival probabilities, with an enriched immune-related functional 
profile, indicating an activated immune environment. These patients also showed increased sensitivity to immunotherapy and 
antineoplastic drugs. The knockdown of ZBP1, a key PRG in the PANI, significantly reduced ccRCC cell proliferation and 
migration. Conclusions: PANI provides precise prognosis and immunotherapy response predictions for ccRCC patients, facilitating 
individualized treatment strategies. 
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1 Introduction 

Renal cell carcinoma ranks among the 16 most 
prevalent malignancies in the world. There are more 
than 430 000 newly diagnosed patients and 180 000 
associated deaths annually (Sung et al., 2021). Clear 
cell renal cell carcinoma (ccRCC), the most frequently 
diagnosed pathological type, accounts for nearly 75% 
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of all cases. Most ccRCC patients are diagnosed at an 
early stage, making surgical treatment the primary ap‐
proach (Santoni et al., 2024). However, 25%‒30% of 
patients present with metastasis at diagnosis, and 30% 
experience recurrence after surgery, highlighting the 
need for systemic therapies (Allemani et al., 2018). 
One of the main strategies for managing advanced 
ccRCC is targeted therapy. Nevertheless, over time, a 
substantial number of patients develop resistance to 
the treatment (Capitanio and Montorsi, 2016). Immuno‐
therapy is an effective option for late-stage ccRCC, 
as nearly 30% of patients exhibit programmed death-
ligand 1 (PD-L1) overexpression (Rodriguez-Vida 
et al., 2017). However, not all patients achieve favor‐
able outcomes with immunotherapy (Rini et al., 2019), 
and some may experience adverse events that limit its 
effectiveness (Dall'Olio et al., 2021; Guven et al., 
2022; Rizzo et al., 2023). Hence, there is a critical 
need to establish accurate predictive models for ccRCC 
prognosis and immunotherapy response.

As research on crosstalk among cell death pro‐
cesses in various diseases has progressed (Lamkanfi 
et al., 2008; Malireddi et al., 2010; Gurung et al., 
2014; Lukens et al., 2014; Kuriakose et al., 2016), the 
concept of “PANoptosis” (pyroptosis, apoptosis, and 
necroptosis) has emerged (Kuriakose et al., 2016; 
Malireddi et al., 2018, 2020; Zheng et al., 2020; Jiang 
et al., 2021; Karki et al., 2021b). PANoptosis repre‐
sents an inflammatory form of programmed cell death 
(PCD) that integrates features of necroptosis, apopto‐
sis, pyroptosis, and/or ferroptosis (Lin et al., 2022). 
Its initiation involves the regulatory interactions of Z-
DNA-binding protein 1 (ZBP1), absent in melanoma 
2 (AIM2), and pyrin, culminating in the formation of 
the AIM2-mediated PANoptosome, which includes di‐
verse inflammasome sensors and crucial cell death 
regulators, including caspase-3, -7, and -8 in apoptosis, 
gasdermin-D (GSDMD), gasdermin-E (GSDME), and 
caspase-1 in pyroptosis, as well as mixed lineage 
kinase domain-like protein (MLKL) and receptor-
interacting serine/threonine protein kinase 3 (RIPK3) 
in necroptosis (Lee et al., 2021).

Recent studies have elucidated the role of 
PANoptosis-related biomarkers in promoting anti-
tumor immune responses (Karki et al., 2020, 2021a; 
Park et al., 2021). For instance, RIPK3 activation 
in colon cancer cells increases cytokine production 
within the tumor microenvironment (TME), enhancing 

cytotoxic antitumor immunity (Park et al., 2021). 
PANoptosis, by triggering systemic inflammation 
through the release of pro-inflammatory cellular con‐
tents, presents a promising strategy for solid tumor 
immunotherapy (Zhao et al., 2020).

Despite its potential, the role of PANoptosis in 
ccRCC is not well understood. Our study aimed to as‐
sess the prognostic importance of PANoptosis-related 
genes (PRGs) and to develop a prognostic model, the 
PANoptosis-index (PANI), for predicting ccRCC prog‐
nosis and immunotherapy responsiveness. We con‐
ducted a comprehensive evaluation and validation of 
this model using an external dataset, revealing the sig‐
nificant correlation between PANI and the tumor im‐
mune microenvironment. Hence, our findings could 
inform personalized treatment strategies and improve 
patient prognosis outcomes in ccRCC.

2 Materials and methods 

2.1 Data collection and preprocessing

Transcriptional data (HTseq-counts form) of 
ccRCC and adjacent normal tissues were downloaded 
from The Cancer Genome Atlas Research Network 
(2013), with survival and clinical outcomes extracted 
from The Cancer Genome Atlas-Kidney Renal Clear 
Cell Carcinoma (TCGA-KIRC) bcrxml file. The tran‐
scriptional and clinical profiles of the E-MTAB-1980 
project from the Array Express database were used as 
external validation datasets (Sato et al., 2013). The 
AnnoProbe package of the R environment was ap‐
plied for probe identifier (ID) annotation. The baseline 
characteristics of the ccRCC patients are summarized in 
Tables 1 and 2. Single-cell RNA-sequencing (scRNA-
seq) data of seven ccRCC patients were obtained 
from the publicly accessible dataset GSE156632 
(Zhang et al., 2022). Additionally, we downloaded the 
IMvigor210 dataset, an external cohort of 348 patients 
treated with anti-programmed cell death protein 1 (anti-
PD-1) therapy, to validate the immunotherapy response 
(Mariathasan et al., 2018). Immunohistochemical 
images for ccRCC were sourced from the Human 
Protein Atlas (HPA) database (Uhlén et al., 2015), 
while protein expression data were collected from 
the Clinical Proteomic Tumor Analysis Consortium 
(CPTAC) database (Ellis et al., 2013).
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2.2 Identification of differentially expressed PRGs

A PRG list was generated in accordance with a 
previously published study (Sun et al., 2023) that ex‐
tracted the gene list from the GeneCards database 
using a screening criterion of a relevance score greater 
than 3 (Stelzer et al., 2016). Differentially expressed 
genes (DEGs) between tumor and normal tissues were 
identified using the DESeq2 package in R (Love et al., 
2014), with selection criteria of an absolute value of 
log2(fold change) of ≥1 (|(log2FC)|≥1) and a P value 
of <0.05.

2.3 Weighted gene co‑expression network analysis 
(WGCNA)

A co-expression network for PRGs was gener‐
ated using the R package “WGCNA” (Langfelder and 
Horvath, 2008). ccRCC samples were clustered through 
average linkage and Pearson correlation coefficients. 
The soft-threshold parameter for constructing the 
co-expression gene network was set at 7. To facilitate 
module identification, we calculated the topological 
overlap matrix (TOM) from the adjacency matrix, and 
then computed its dissimilarity measure. Genes ex‐
hibiting analogous expression profiles were grouped by 
constructing a hierarchical clustering tree, with net‐
work modules identified using a dynamic tree-cutting 
algorithm to segment the branches. The module with 
the highest correlation coefficient and strongest statis‐
tical significance was identified as the pivotal module, 
with its constituent genes selected for downstream 
analyses.

2.4 scRNA-seq data analysis

The scRNA-seq data analysis was conducted 
using the “Seurat” package (Stuart et al., 2019). Ini‐
tially, quality control procedures were applied, retain‐
ing genes expressed in at least three cells, with mito‐
chondrial gene content below 10%, and within an ex‐
pression range of 200–7000. Next, 2000 highly vari‐
able genes were selected for further investigation. The 
“Harmony” package was used to address batch effects 
from different samples. Cell clusters were then ident‑
ified using the “FindClusters” and “FindNeighbors” 
functions, with visualization performed via t-distributed 
stochastic neighbor embedding (t-SNE). Cells were 
annotated based on marker genes specific to different 
cell types. Finally, the “AddModuleScore” function 

Table 1  Baseline characteristics of patients in The Cancer 

Genome Atlas-Kidney Renal Clear Cell Carcinoma (TCGA-

KIRC)

Clinical feature

Age (years)

Gender

Grade

Stage

T-stage

N-stage

M-stage

Subtype

>65

≤65

Male

Female

G1

G2

G3

G4

Unknown

Stage Ⅰ

Stage II

Stage Ⅲ

Stage IV

Unknown

T1

T2

T3

T4

N0

N1

Unknown

M0

M1

Unknown

Patient 
number

185

352

346

191

14

230

207

78

8

269

57

125

83

3

275

69

182

11

240

17

280

426

79

32

Patient 
percentage (%)

34.5

65.5

64.4

35.6

2.6

42.8

38.5

14.5

1.5

50.1

10.6

23.3

15.5

0.6

51.2

12.8

33.9

2.0

44.7

3.2

52.1

79.3

14.7

6.0

Table 2  Baseline characteristics of patients in E-MTAB-1980

Clinical feature

Age (years)

Gender

Grade

T-stage

N-stage

M-stage

Subtype

>65

≤65

Male

Female

G1

G2

G3

G4

Unknown

T1

T2

T3

T4

N0

N1

M0

M1

Patient 
number

95

145

184

56

42

141

49

6

2

187

18

33

2

238

2

215

25

Patient 
percentage (%)

39.6

60.4

76.7

23.3

17.5

58.8

20.4

2.5

0.8

77.9

7.5

13.8

0.8

99.2

0.8

89.6

10.4
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within Seurat was used to score each cell on its ex‐
pression of the specific gene set of interest.

2.5 Model construction by machine learning 
approaches

Using the “createDataPartition” function in R, 
the ccRCC patients were randomly divided into train‐
ing and testing cohorts at a 1:1 ratio. We initially iden‐
tified potential prognostic PRGs via univariate Cox re‐
gression analysis, followed by least absolute shrink‐
age and selection operator (LASSO)-Cox regression 
using the “glmnet” package (Friedman et al., 2010) to 
further refine the selection of key prognostic PRGs. 
To optimize our model, we conducted a multivariate 
stepwise Cox regression to identify the most impact‐
ful PRGs and constructed a proportional hazards 
model. Based on this, we developed the PANI equa‐
tion by integrating the multivariate regression coeffi‐
cients (r) with the respective PRG expression levels 
(EPRG): PANI=∑(EPRG×r).

Additionally, we performed Pearson correla‐
tion analysis to identify transcription factors (TFs) 
and enhancer RNAs (eRNAs) associated with the 
PRGs in our model, applying thresholds of an abso‐
lute value of Pearson correlation of >0.4 and P<0.001. 
The associations between identified TFs/eRNAs and 
PRGs were visualized using Sankey diagrams to il‐
lustrate potential regulatory relationships.

2.6 Survival analysis and nomogram construction

We categorized cohorts, including TCGA, inter‐
nal training and testing datasets, and E-MTAB-1980, 
into high- and low-PANI groups using the median 
PANI value as the threshold. Kaplan-Meier (KM) sur‐
vival analysis, conducted with the “survminer” R 
package, was used to assess differences in overall sur‐
vival (OS) and progression-free survival (PFS) across 
these groups, with significance evaluated by the log-
rank test (P<0.05). Using the “timeROC” package, 
receiver operating characteristic (ROC) curve analysis 
was used to measure the sensitivity and specificity of 
PANI for OS prediction in ccRCC patients, allowing 
us to compare PANI’s area under the curve (AUC) 
with other clinical features.

To further refine our prognostic model and 
strengthen its predictive accuracy, we developed a 
nomogram that combines the PANI score with individ‐
ual clinical characteristics, delivering a quantitative 

survival estimate for ccRCC patients. The precision, 
discriminative ability, and overall effectiveness of 
the nomogram were assessed using ROC analysis and 
the concordance index (C-index), ensuring robust prog‐
nostic utility.

2.7 Genomic alteration analysis

Each patient’s variant file was retrieved from the 
TCGA repository. Using the “maftools” R package, 
we analyzed the mutated genes across different PANI 
categories and calculated the tumor mutation burden 
(TMB) for each individual (Mayakonda et al., 2018). 
This package was also used to generate an oncoplot 
that visualizes the landscape of genetic variants. Add‑
itionally, we used “maftools” to create a heatmap il‐
lustrating co-occurring variants, unrelated variants, 
and mutually exclusive variants, providing deeper in‐
sights into the genomic alterations associated with 
ccRCC in relation to the PANI score.

2.8 Functional enrichment analysis

We began our analysis by calculating the DEGs 
between the high- and low-PANI groups, ranking them 
according to their log2FC values. Following this, we 
used the “org.Hs.eg.db” and “clusterProfiler” R pack‐
ages to perform functional enrichment analysis, in‐
cluding gene ontology (GO) analysis (Thomas et al., 
2022) and gene set enrichment analysis (GSEA) 
on hallmark gene sets from the MSigDB database 
(Subramanian et al., 2005). GO enrichment analysis 
comprised the facets: biological process (BP), mo‐
lecular function (MF), and cellular component (CC) 
(Thomas et al., 2022). The statistical significance 
threshold for GO enrichment analysis was set at P<
0.05. We then visualized the top 10 most significantly 
enriched GO terms across the three categories (CC, 
BP, and MF), along with the top five most signifi‐
cant terms identified through GSEA.

2.9 Immune-related analysis

We used the “ESTIMATE” R package to evalu‐
ate the TME scores for the PANI groups, including 
the stromal score, immune score, and estimate score 
(Yoshihara et al., 2013). To quantify the immune 
microenvironment, we applied multiple algorithms, in‐
cluding “CIBERSORT,” “EPIC,” “MCP-counter,” 
“quanTIseq,” “TIMER,” and “xCell” (Becht et al., 
2016; Aran et al., 2017; Li et al., 2017; Chen et al., 
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2018; Plattner et al., 2020). An immune modulator-
related gene list was obtained from the GeneCards 
database and subsequently filtered by functional rele‐
vance score (Stelzer et al., 2016). We conducted a 
single-sample GSEA (ssGSEA) using the R package 
“gsva” (Hänzelmann et al., 2013) to assess the enrich‐
ment scores of immunocytes and the immune function-
relevant pathways. Spearman correlation analysis was 
used to examine the relationships between the PANI 
score, immune cell fractions, and immune functions. 
Additionally, we performed correlation analysis to as‐
sess the relationship between PRG expression levels 
and immune functions.

2.10 Immunotherapy response prediction

The immunophenoscore (IPS), based on a ma‐
chine learning algorithm developed from The Cancer 
Immunome Atlas (TCIA), was calculated for ccRCC 
patients based on their transcriptional data (van Allen 
et al., 2015). This score (including IPS, IPS-cytotoxic 
T lymphocyte-associated antigen-4 (CTLA4) blocker, 
IPS-PD-1/PD-L1/PD-L2 blocker, and IPS-CTLA4 
and PD-1/PD-L1/PD-L2 blocker) (van Allen et al., 
2015) serves as an indicator of their potential response 
to immunotherapy. IMvigor210, an external dataset 
comprising 348 patients who received anti-PD-1 
treatment, was used to validate immune therapy 
responses.

2.11 Antineoplastic drug sensitivity prediction

The difference in half maximal inhibitory con‐
centration (IC50) between the groups was assessed 
by the Wilcoxon signed-rank test. The outcomes 
were then visually represented as box plots with the 
aid of “pRRophetic” and “ggplot2” (Geeleher et al., 
2014).

2.12 Cell culture

The human ccRCC cell lines 786-O, A498, and 
OS-RC-2, as well as the human proximal renal tubular 
cell line HK-2 as a normal control, were procured from 
the American Type Culture Collection (ATCC; Manas‐
sas, VA, USA). All the cell lines were maintained in a 
culture medium supplemented with 10% (volume frac‐
tion) fetal bovine serum (FBS) and 1% (volume frac‐
tion) penicillin/streptomycin. The cells were incubated 
at 37 ℃ in a humidified atmosphere with 5% CO2. 
Specifically, RPMI-1640 medium was used for 

OS-RC-2 and 786-O cells, whereas A498 and HK-2 
cells were maintained in minimum essential medium 
(MEM) with the addition of non-essential amino acids.

2.13 RNA extraction and RT-qPCR

The total RNAs of 786-O, A498, OS-RC-2, and 
HK-2 cells were isolated using the FastPure Cell/Tissue 
Total RNA Isolation Kit V2 from Vazyme (Nanjing, 
China). Reverse transcription was subsequently con‐
ducted using the HiScript® III 1st Strand cDNA 
Synthesis Kit (+DNA-guided (gDNA) wiper) from 
Vazyme. Reverse transcription-quantitative polymer‑
ase chain reaction (RT-qPCR) was carried out using 
Taq Pro Universal SYBR qPCR Master Mix from 
Vazyme. Gene expression levels were assessed using 
the 2− ΔΔCT method, with glyceraldehyde 3-phosphate 
dehydrogenase (GAPDH) serving as the endogen‑
ous control. These experiments were carried out 
three times. The primer sequences for ZBP1, cyclin-
dependent kinase inhibitor 3 (CDKN3), tumor necro‐
sis factor superfamily protein 14 (TNFSF14), para‐
thyroid hormone-like hormone (PTHLH), and heme-
oxygenase 1 (HMOX1) are provided in Table 3.

2.14 Cell transfection

We purchased three small interfering RNAs 
(siRNAs) targeting ZBP1 from GenePharma (China). 
The cells were transfected with 20 nmol/L of siRNA 
using jetPRiME (Polyplus, NY, USA) according to 
the manufacturer’s protocol. The sequences used for 
the siRNAs are listed below: si-#1, sense 5'-CUUC 
GUUUGAAGCAAGAAUTT-3', antisense 5'-AUUCU 
UGCUUCAAACGAAGTT-3'; si-#2, sense 5'-CAA 
GUCCUCUACCGAAUGATT-3', antisense 5'-UCAUU 

Table 3  Primer sequences for five PRGs

PRG

ZBP1

CDKN3

TNFSF14

PTHLH

HMOX1

Primer sequence (5'→3')

F: AGAAGAGCAAAGTCAGCCTCAA
R: CCAGCTGTTGGGTCCATTCT

F: ATCCAATCGCAGATGGAGGG
R: GGAGACAAGCAGCTACAAGACA

F: CTCTTGCTGTTGCTGATGGG
R: TCGTGAGACCTTCGCTCTTGT

F: GTTCGAGGTTCAAAGGTTTGCC
R: AGGTTGGAGGCGAGTTGAAAA

F: AGTTCAAGCAGCTCTACCGC
R: ACTCCTCAAAGAGCTGGATGT

PRG: PANoptosis-related gene; F: forward; R: reverse.
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CGGUAGAGGACUUGT-3'; si-#3, sense 5'-GAUG 
AGCAGUCCAAAGCAUTT-3', antisense 5'-AUGC 
UUUGGACUGCUCAUCT-3'. The effectiveness of 
ZBP1 knockdown was evaluated through RT-qPCR.

2.15 CCK-8 assay

Cell proliferation was assessed using the cell 
counting kit-8 (CCK-8; #C0038, Beyotime, Shanghai, 
China). The cells from both the experimental and 
control groups were plated in a 96-well plate at a den‐
sity of 1000 cells per well. The proliferation of 786-O 
and OS-RC-2 cells was evaluated using the CCK-8 re‐
agent (Beyotime) at 0, 24, 48, and 72 h post-seeding, 
with a final concentration of 10 μL per well. An auto‐
mated microplate reader was used to determine the 
optical density of the reaction mixture at 450 nm.

2.16 Transwell assay

The Transwell migration assay was conducted 
using 24-well Transwell chambers (Corning, NY, 
USA). About 20 000 cells were suspended in serum-
free medium and then placed into the upper chamber. 
In the lower chamber, culture medium containing 10% 
FBS was added as a chemoattractant. The cells that 
migrated across the membrane were fixed, stained, 
and counted under a light microscope (#CKX53, 
OLYMPUS, Tokyo, Japan), using ImageJ software for 
enumeration.

2.17 Wound healing assay

The cells were seeded in 6-well plates and grown 
to confluence overnight. A scratch was made in the 
monolayer using a sterile 200 μL pipette tip, and the 
wells were washed with phosphate-buffered saline 
(PBS) to remove detached cells. Fresh medium with‐
out FBS was added, and incubation was carried out 
for 24 h in a 5% CO2 atmosphere at 37 ℃. Images 
of the wound area were captured at 0 and 24 h using 
a phase-contrast microscope (#BX43, OLYMPUS). 
Wound closure was quantified by measuring the area 
at each time point and calculating the percentage of 
closure using ImageJ.

2.18 Statistical analysis

Statistical analyses were conducted using R soft‐
ware (version 4.2.3) and GraphPad Prism (version 
9.0.0). Correlation coefficients were assessed using 

Pearson analysis. Statistical significance was defined 
as a P value of <0.05.

3 Results 

3.1 Identification of candidate PRGs in ccRCC and 
construction of PANI

A total of 935 PRGs were compiled (Table S1). 
Differential expression analysis on these PRGs using 
TCGA-KIRC transcriptional data identified 274 DEGs. 
Among them, 64 were downregulated in tumor sam‐
ples and 210 were upregulated (Figs. 1a and 1b; 
Table S2). We then applied the WGCNA method to 
explore co-expression networks in the TCGA-KIRC 
dataset. A scale-free network was constructed with a 
soft-thresholding power of β=7 (Figs. S1a and S1b), 
followed by average linkage hierarchical clustering to 
identify three distinct gene modules (Figs. 1c and S1c‒
S1f). The MEblue module showed the strongest asso‐
ciation with tumor samples (r=0.63, P<0.001; Fig. 1d), 
underscoring its clinical relevance. Within this module, 
211 PRGs were confirmed to be tumor-related. By 
overlapping these PRGs with the DEGs, we identified 
146 target genes significantly correlated with ccRCC 
(Fig. 1e).

The TCGA-KIRC patient cohort was randomly 
divided into a training set (n=267) and a testing set (n=
266), maintaining an approximate 1:1 distribution. 
Using univariate Cox regression analysis, we initially 
identified 35 PRGs associated with OS in TCGA-KIRC 
patients (Fig. 1f). To refine these, we applied a LASSO-
Cox proportional hazards regression, focusing on highly 
variable PRGs and integrating clinical data. This ap‐
proach highlighted 12 PRGs as significant prognostic 
factors, which were then subjected to a multivariate 
stepwise Cox regression analysis for further refine‐
ment (Figs. 1g and 1h). The outcome was the develop‐
ment of a prognostic signature, termed PANI, for 
ccRCC, which is composed of five key PRGs (Fig. 1i).

We calculated Pearson correlation coefficients 
using multivariate Cox regression analysis and derived 
the PANI using the formula: PANI=−0.001 593×
EHMOX1+0.031 630×ETNFSF14+0.088 565×ECDKN3+0.001 691×
EPTHLH+0.152 944×EZBP1, where E is the expression 
level. Using the median PANI as the threshold, all 
patients were categorized into high- and low-PANI 
groups.
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3.2 Validation of expression profiles for prognostic 
PRGs

To evaluate the expression profiles of these prog‐
nostic PRGs, we first analyzed data from the TCGA 
database. The findings showed that these genes were 
significantly overexpressed in tumor tissues compared 
to normal tissues (P<0.001; Fig. 2a). We then mea‐
sured the expression levels of the five PRGs in normal 
kidney and ccRCC cell lines using RT-qPCR (Figs. 2b–
2f). Results indicated a pronounced increase in the 
messenger RNA (mRNA) levels of ZBP1, TNFSF14, 
CDKN3, PTHLH, and HMOX1 in OS-RC-2 and 786-O 
cells compared to HK-2 cells. In A498 cells, ZBP1, 
TNFSF14, and HMOX1 exhibited a significant rise in 
expression relative to HK-2 cells, whereas PTHLH and 
CDKN3 did not show statistically significant increases.

Further examination of their expression profiles 
in scRNA-seq data revealed that gene set expression 
scores were markedly elevated in tumor cells com‐
pared to endothelial cells (Figs. 2g and 2h). Immuno‐
histochemical analysis provided strong confirmation 
of TNFSF14, PTHLH, and HMOX1 overexpression 
specific to ccRCC (Figs. S2a‒S2c). Additionally, pro‐
tein expression data reinforced the notable upregula‐
tion of HMOX1 in ccRCC and its strong association 
with both tumor grade and stage (Fig. S2d). Further‐
more, HMOX1, identified as a favorable prognostic 
factor in ccRCC, showed higher expression levels in 
the low-PANI group (Fig. 2i). In contrast, the remaining 
genes, which are indicative of poorer prognosis in 
ccRCC patients, were significantly upregulated in the 
high-PANI group.

Additionally, the network of TFs and hub genes, 
including six TFs and two prognostic PRGs, was 
illustrated by a Sankey diagram (Fig. 2j). ZBP1, the 
PANoptosome trigger gene, was identified as regulated 
by three TFs associated with immune regulation, 
namely interferon regulatory factor 4 (IRF4), growth 
factor independence 1 (GFI1), and POU class 2 asso‐
ciating factor 1 (POU2AF1). Moreover, correlations 
between eRNAs and hub genes were predicted by 
Pearson correlation analysis to explore the underly‐
ing regulatory mechanisms in human malignancies. 
CDKN3, recognized as an adverse prognostic marker 
in ccRCC, showed the highest degree of connectivity 
and was controlled by five eRNAs (AC015909.1, 
AF196972.1, AL669970.3, GAS1RR, and TENM3-AS1) 
(Fig. 2k).

3.3 Validation of the prognostic signature and 
survival prediction

The prognostic signature developed from the train‐
ing dataset was rigorously evaluated across multiple 
independent datasets, including the TCGA dataset, an 
internal test dataset, and an external validation set (E-
MTAB-1980 cohort). KM analysis consistently showed 
that patients with high PANI scores had significantly 
poorer outcomes across all datasets (TCGA cohort: 
P<0.001, Fig. 3d; Training cohort: P<0.001, Fig. 3h; 
Testing cohort: P=0.002, Fig. 3l; E-MTAB-1980 cohort: 
P=0.046, Fig. 3p). Moreover, in the TCGA cohort, pa‐
tients in the high-PANI group showed a markedly 
lower PFS rate compared to those in the low-PANI 
group, underscoring the predictive strength of the sig‐
nature (Fig. 3e).

Fig. 1  Identification of candidate clear cell renal cell carcinoma (ccRCC)-specific pyroptosis, apoptosis, and necroptosis 
(PANoptosis)-related genes (PRGs) and construction of the prognostic PANoptosis-index (PANI). (a) Volcano plot of the 
differentially expressed genes (DEGs) in The Cancer Genome Atlas (TCGA), with the threshold set at |log2FC|>1 (FC: 
fold change) and P<0.05. Upregulated DEGs are represented by orange dots, downregulated DEGs by green dots, and 
genes that are not significantly differentially expressed by gray dots. Padj: adjusted P value. (b) Heatmap showing the 
expression profiles of the DEGs. (c) Tree of gene clusters. The dynamic tree-cutting approach was applied to discover 
modules by separating the tree diagram at significant branch points. This approach was based on an adjacency-based 
mismatch observed in the hierarchical gene clustering chart. Different colors have been assigned to each module, as 
indicated in the horizontal bar just below the tree diagram. (d) Associations between modules and traits in normal and 
malignant tissues. The table is structured so that each row represents a color module, while each column signifies a clinical 
characteristic. The correlation coefficient between each module and clinical features, along with the corresponding P value, 
is shown in the cells. (e) The Venn diagram is composed of ccRCC-specific DEGs and genes within the blue module associated 
with ccRCC. The 146 genes that overlap represent the candidate ccRCC-specific PRGs. (f) The forest plot illustrates the 
prognosis-associated PRGs as identified through univariate Cox proportional hazards regression analysis in ccRCC patients. 
(g) Penalties were calculated through one thousand rounds of cross-validation to determine the optimal parameter 
values. (h) The least absolute shrinkage and selection operator (LASSO)-Cox regression analysis was conducted, using the 
minimum criterion for parameter selection. λ is the penalty term, and the data above the graphs represent the number of 
non-zero coefficients (i.e., selected features/genes) in the model corresponding to each λ. (i) The forest plot shows the final 
set of prognostic PRGs established through multivariate Cox regression analysis in ccRCC patients.
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Fig. 2  Validation of prognostic pyroptosis, apoptosis, and necroptosis (PANoptosis)-related gene (PRG) expression profiles. 
(a) The expression profiles of the five PRGs in clear cell renal cell carcinoma (ccRCC) and normal kidney samples were 
compared using data from The Cancer Genome Atlas (TCGA) dataset. Wilcoxon rank-sum tests were used to assess the 
disparities in gene expression levels between tumor and normal samples. (b‒f) Relative expression levels of the five PRGs 
in normal kidney cell lines and ccRCC cell lines were evaluated through reverse transcription-quantitative polymerase 
chain reaction (RT-qPCR). The data are expressed as mean±standard deviation (SD), n=3. GAPDH: glyceraldehyde 3-
phosphate dehydrogenase. (g) A t-distributed stochastic neighbor embedding (t-SNE) visualization shows the single-cell 
RNA-sequencing (scRNA-seq) profiles obtained from clinical samples in the GSE156632 dataset. (h) The PANoptosis-index 
(PANI) signature score was computed across various cell types using data from the GSE156632 cohort. (i) A heatmap 
depicting the expression profiles of the five PRGs in the high- and low-PANI groups sourced from the TCGA dataset. 
(j) A Sankey diagram illustrating the potential regulatory relationships between PRGs and transcription factors (TFs). 
(k) A Sankey diagram illustrating the potential regulatory associations between PRGs and enhancer RNAs (eRNAs). * P<
0.05; *** P<0.001; **** P<0.0001; ns, no statistical significance.
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Fig. 3  Assessment and confirmation of the predictive performance of the pyroptosis, apoptosis, and necroptosis (PANoptosis)-
related gene (PRG) signature in clear cell renal cell carcinoma (ccRCC). (a, f, j, n) The distribution of PANoptosis-index 
(PANI) in The Cancer Genome Atlas (TCGA) (a), training (f), testing (j), and E-MTAB-1980 external validation (n) 
cohorts. (b, g, k, o) Scatter plots illustrating the survival status and PANI scores of ccRCC patients in the TCGA (b), 
training (g), testing (k), and E-MTAB-1980 (o) cohorts. (d, h, l, p) Kaplan-Meier curves showing the overall survival (OS) 
situation per PANI score of the high- and low-PANI groups in the TCGA (d), training (h), testing (l), and E-MTAB-
1980 (p) cohorts. (c, i, m, q) The receiver operating characteristic (ROC) curves showing the predictive performance of 
PANI with area under the curve (AUC) values for 1-, 3-, and 5-year OS in ccRCC patients from the TCGA (c), training (i), 
testing (m), and E-MTAB-1980 (q) cohorts. (e) Kaplan-Meier curves showing the progression-free survival situation per 
PANI score of the high- and low-PANI groups in the TCGA cohort.
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To further substantiate the predictive accuracy, we 
conducted ROC curve analyses across the datasets. In 
the TCGA cohort, the AUC values for OS prediction 
at 1, 3, and 5 years were 0.729, 0.701, and 0.737, 
respectively (Fig. 3c). The corresponding values were 
0.715, 0.766, and 0.791 in the training cohort, 0.744, 
0.641, and 0.687 in the testing cohort, and 0.811, 0.747, 
and 0.735 in the E-MTAB-1980 cohort, respectively  
(Figs. 3i, 3m, and 3q). Collectively, these findings 
provide robust evidence that PANI is a reliable prog‐
nostic biomarker for ccRCC, with strong predictive 
power across diverse patient cohorts.

3.4 PANI‑based clinical analysis and nomogram 
construction

The distribution of the PANI and its correlation 
with patient survival outcomes (Figs. 3a, 3b, 3f, 3g, 3j, 
3k, 3n, and 3o) revealed a consistent trend across all 
four datasets. Higher PANI scores were positively as‐
sociated with an increase in the proportion of high-risk 
patients and in the number of deaths. To confirm the 
clinical relevance of the PANI, we conducted both 
univariate and multivariate Cox regression analyses, 
incorporating clinical and pathological variables such 
as age, gender, pathological grade, clinical stage, and 
TNM (tumor, node, metastasis) stage. The results 
strongly indicated that PANI is an independent prog‐
nostic factor for ccRCC (P<0.001 and P=0.001; Figs. 4a 
and 4b).

Further analyses examined the distribution of 
PANI across various clinicopathological subgroups, 
including TNM stages and tumor grades. Significant 
differences in PANI levels were observed when com‐
paring advanced grades and stages (e.g., Grade 4 ver‐
sus other grades, Stage IV versus other stages, T4 stage 
versus other T stages), as well as in patients with dis‐
tant metastasis (M1) and lymph node involvement 
(N1), who exhibited notably higher PANI scores than 
non-metastatic patients (M0 and N0) (P<0.05; Figs. 4c‒
4g). Finally, a stratified survival analysis was per‐
formed to evaluate the PANI’s prognostic value within 
distinct clinicopathological subgroups.

To facilitate clinical application, we constructed a 
prognostic nomogram that integrates the PANI, tumor 
grade, and other clinical-pathological factors (Fig. 4i). 
Gender was excluded due to its negligible impact on 
outcomes (P=0.740 and P=0.553; Figs. 4a and 4b). 
ROC curve analysis showed the nomogram’s reliable 

predictive performance, with AUCs of 0.814, 0.794, 
and 0.754 for 1-, 3-, and 5-year OS predictions, re‐
spectively (Fig. 4h). Calibration curves confirmed a 
strong concordance between the predicted and ob‐
served OS rates, suggesting high accuracy and clin‑
ical utility of the nomogram for patient prognosis in 
ccRCC (Fig. 4j).

3.5 Comparison of genomic alterations between 
the PANI groups

By integrating the mutation data of each patient, 
we conducted genomic mutation analysis for the PANI 
groups. In both high- and low-PANI groups, missense 
mutations were the predominant variant classification 
(Figs. S3a and S3g). Furthermore, among the variant 
types, single-nucleotide variants (SNVs) were the most 
prevalent, with C>T mutations being the primary SNV 
subtype (Figs. S3b, S3c, S3h, and S3i). Furthermore, 
to depict differences in the somatic mutation landscape 
between the two groups, we generated oncoplots that 
showed the contrasting mutational patterns observed 
in these two groups. In general, patients with a low 
PANI were found to have higher mutational frequencies 
(86.6% vs. 82.5%; Figs. 5a and 5b), with the median 
number of variants per patient in the low-PANI group 
being 46, compared to 43 in the high-PANI group 
(Figs. S3d and S3j). Furthermore, von Hippel-Lindau 
(VHL) and Polybromo1 (PBRM1) were the top two 
mutated genes in the two PANI groups, exhibiting dis‐
tinct mutation frequencies (53% vs. 38% and 43% 
vs. 36%; Figs. S3f and S3l). Additionally, it was 
noteworthy that in the high-PANI group, gene muta‐
tions tended to co-occur more frequently than in the 
low-PANI group, where no co-occurrence events 
were evident (Figs. 5c and 5d). Notably, in the high-
PANI group, the ccRCC-triggering gene VHL was found 
to co-occur with PBRM1 and SET domain-containing 2 
(SETD2), which are important co-drivers in ccRCC 
tumorigenesis (Walton et al., 2023), while being mutu‐
ally exclusive with tumor protein p53 (TP53), a com‐
mon tumor suppressor gene (Fig. 5c). Given that gen‑
omic alterations serve as crucial indicators of genomic 
instability, we conducted further investigations into 
the connection between PANI, TMB, and patient prog‐
nosis, and it became evident that patients with both 
high PANI and high TMB had the most unfavorable 
OS (P<0.001; Fig. S3n).
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Fig. 4  Pyroptosis, apoptosis, and necroptosis (PANoptosis)-index (PANI)‑based clinical analysis and construction of a 
nomogram that incorporates both clinical and pathological variables and the PANoptosis-related gene (PRG) signatures. 
(a) A univariate Cox regression examination of overall survival (OS)-related factors. (b) A multivariate Cox regression 
analysis of OS-related factors. (c‒g) Wilcoxon rank-sum tests were used to assess the disparities in association with  
pathological grade (c), clinical stage (d), tumor (T) infiltration (e), distant metastasis (M) (f), and lymph node (N) 
involvement (g). (h) The nomogram-based receiver operating characteristic (ROC) curve analysis shows 1- , 3- , and 5-
year OS and the corresponding area under the curve (AUC) values for clear cell renal cell carcinoma (ccRCC) patients 
from The Cancer Genome Atlas (TCGA) cohort. (i) The nomogram for prognostic prediction in ccRCC. Pr(futime>1), 
Pr(futime>3), and Pr(futime>5) represent the 1-, 3-, and 5-year survival probabilities, respectively. *** P<0.001. (j) The 
calibration curve used to verify the predictive performance of the signature. C-index: concordance index; CI: confidence 
Interval. The data are expressed as mean±standard deviation (SD), n=3.
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3.6 Functional enrichment analysis of the PANI 
groups

To elucidate potential discrepancies in biological 
functions between different PANI groups, functional 
enrichment analyses based on the DEGs were intro‐
duced. Our analysis unveiled significant enrichments in 
several immune-related GO terms and pathways within 
the high-PANI group. These enrichments included 
terms related to the positive regulation of leukocyte 
activation, leukocyte-mediated immunity, lymphocyte 
activation, lymphocyte-mediated immunity, the T cell 
receptor complex, B cell-mediated immunity, immuno‐
globulin complex, and activation of the immune re‐
sponse, among others (Fig. 5e). Conversely, catabolism-
related GO terms and pathways were notably enriched 
in the low-PANI group. These encompassed pro‐
cesses like small molecule catabolic process, organic 
acid catabolic process, and carboxylic acid catabolic 
process (Fig. 5f). Furthermore, the GSEA results 
highlighted a pronounced association of the high-
PANI group with tumor progression. This associa‐
tion was reflected in hallmark pathways, for instance, 
E2F targets, epithelial mesenchymal transition, and the 
G2M checkpoint (Fig. 5g). In contrast, the low-PANI 
group was related to the reactive oxygen species path‐
way (Fig. 5h).

3.7 Comparison of TME between the PANI groups

The results from the GO functional enrichment 
analysis demonstrated a pronounced enrichment of 
immune pathways in the high-PANI group. To delve 
deeper into this observation, the ESTIMATE algorithm 
was used to evaluate the stromal scores, ESTIMATE 
scores, immune scores, and tumor purity of the ccRCC 
patients. The outcomes indicated a substantial differ‐
ence, with the high-PANI group showing significantly 
higher immune scores (P<0.001) and ESTIMATE 
scores (P<0.01), compared with the low-PANI group. 
Furthermore, tumor purity was notably lower in the 
high-PANI group (P<0.01; Fig. 6b). These findings 
collectively suggested a substantial activation of the 

immune state in the high-PANI group. Notably, a high 
immune score indicated a poorer outcome in ccRCC 
(Fig. S4).

Next, we used a variety of algorithms to evaluate 
the tumor immune microenvironment comprehensively. 
We noticed a markedly elevated infiltration of immuno‐
cytes in the high-PANI group (Fig. 6a). This was re‐
flected in a greater abundance of plasma cells, CD8+ 
T cells, CD4+ memory-activated T cells, follicular 
helper T cells, T regulatory cells (Tregs), and M1 macro‐
phages (Fig. 6c). A barplot was used to provide the 
immune cell landscapes across all ccRCC patients 
(Fig. 6e). Furthermore, we compared the expression 
of various immunomodulators between the low- and 
high-PANI groups, including adhesion molecules, an‐
tigen presentation factors, co-stimulatory molecules, 
ligands, and other immunomodulatory markers. These 
molecules were upregulated in the high-PANI group 
(Fig. 6d). For further validation, ssGSEA was applied 
to evaluate the enrichment scores for immunocytes and 
the activity of immune-related pathways. These re‐
sults provided additional confirmation of our previous 
discoveries, indicating that the high-PANI group not 
only exhibited increased immune cell infiltration but 
also heightened immune activation (Fig. 6f).

Furthermore, we created a butterfly plot to explore 
the relationships between PANI levels and the infiltra‐
tion of immunocytes as well as immune functions. 
Apart from antigen-presenting cell (APC) co-stimulation 
and human leukocyte antigen (HLA) function, eleven 
other immune-related pathways exhibited significant 
correlations with PANI (Fig. 6g). Meanwhile, except 
for natural killer (NK) cells, macrophages, and follicu‐
lar helper T cells, most immunocytes showed signifi‐
cant correlations with PANI (Fig. 6g). This outcome 
further validated the increased immunological activity 
within the high-PANI group. Additionally, we explored 
the correlations between prognostic PRGs and immuno‐
cyte infiltration, revealing that ZBP1, CDKN3, as well 
as TNFSF14, were positively related to the immune 
microenvironment (Fig. 6h).

Fig. 5  Comparison of genomic alterations and functional enrichment analysis between the two pyroptosis, apoptosis, 
and necroptosis (PANoptosis)-index (PANI) groups. (a, b) The 30 most frequently mutated genes in the high- (a) and low-
PANI (b) groups. (c, d) Heatmap illustrating the co-mutated states of the commonly mutated genes in the high- (c) and 
low-PANI (d) groups. (e, f) Functional enrichment analysis of upregulated genes in the high- (e) and low-PANI (f) groups 
based on gene ontology. (g, h) The gene set enrichment analysis (GSEA) based on hallmark gene sets, revealing the 
pathways enriched in the high- (g) and low-PANI (h) groups. TMB: tumor mutation burden; rRNA: ribosomal RNA; 
BP: biological process; MF: molecular function; CC: cellular component; NES: nuclear export signal.
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3.8 Comparison of immunotherapy response be‐
tween the PANI groups

Immune checkpoint inhibitors (ICIs) represent a 
promising category of cancer therapy drugs designed 
to enhance patients’ immune function for combating 
tumor cell proliferation (Dutta et al., 2023). Consider‐
ing the reported correlation between immune check‐
point gene (ICG) expression and the clinical effective‐
ness of ICIs, a comparative analysis of ICGs was 

performed in the high- and low-PANI groups. Our 
results unveiled substantial disparities in the expression 
of various ICGs between these PANI groups, high‐
lighting distinct immunological profiles and effects of 
immunotherapy (Fig. 7a). Then, we looked into the re‐
lationships between two pivotal ICGs, programmed 
cell death 1 (PDCD1) and CTLA4, and PANI levels. 
This analysis revealed a significant association, show‐
ing that elevated PANI was closely linked to increased 
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expression of these key immune checkpoints (Figs. 7b 
and 7c). This discovery further reinforced our conclu‐
sion that there are potential differences in the response 
to ICIs between the two PANI groups. Furthermore, 
the IPS difference analysis indicated that higher PANI 
patients, who were treated with either CTLA4 blocker 
monotherapy (P=0.045) or a combination therapy in‐
volving CTLA4 and PD-1/PD-L1/PD-L2 (P=0.011), 
might experience a more favorable outcome compared 
to individuals with lower PANI (Figs. 7d‒7g). As we 
lacked access to data from ccRCC patients treated 
with immunotherapy, we obtained the IMvigor210 data‐
set, an external cohort comprising 348 patients who 
received anti-PD-1 therapy. This dataset was used to 
validate our prognostic PANI signature and offer indir‑
ect evidence for the prediction of immunotherapy ef‐
ficacy in ccRCC patients. The analysis indicated that 
patients who achieved complete response (CR) or 
partial response (PR) exhibited elevated PANI levels 
(Fig. 7h). Conversely, a greater proportion of patients 
in the low-PANI group manifested either progressive 
disease (PD) or stable disease (SD) (Fig. 7i). These 
findings imply that individuals with heightened PANI 
levels had a higher possibility of benefiting from 
ICI therapy.

3.9 Antineoplastic drug sensitivity prediction

The sensitivity of the ccRCC population to anti‐
neoplastic drugs across various PANI groups was as‐
sessed by analyzing IC50 values. The high-PANI group 
had lower IC50 values, indicating increased sensitivity 
to several drugs, including the mammalian target of ra‐
pamycin (mTOR) inhibitor AZD2014, the pan-protein 
kinase B (pan-AKT) pathway inhibitor AZD5363, as 
well as poly(ADP-ribose) polymerase (PARP) inhibi‐
tors like talazoparib and olaparib (Figs. 7j‒7n).

3.10 Identification of the carcinogenic effect of 
ZBP1 on ccRCC

In our PANI, ZBP1 exhibits a higher risk coef‐
ficient and is significantly overexpressed at the tran‐
scriptomic level in ccRCC patients (Fig. 2a), suggesting 
its potential carcinogenic effect. Consequently, we delved 
into the ZBP1 gene. First, we confirmed the overex‐
pression of ZBP1 in ccRCC cell lines (Fig. 2b). Sub‐
sequently, we conducted RNA interference on 786-O 
and OS-RC-2 cells, followed by verification of the 
efficiency of ZBP1 knockdown through RT-qPCR 
(Figs. 8a and 8b). Knockdown of ZBP1 markedly 
suppressed the proliferation activity of ccRCC cells 
(Figs. 8c and 8d). Furthermore, Transwell and wound 
healing assays revealed a significant decrease in ccRCC 
cell migration post-ZBP1 knockdown (Figs. 8e‒8h), 
suggesting that ZBP1 contributes to the progression 
of ccRCC.

4 Discussion 

Neoplasms remain the main killer worldwide (Hu 
et al., 2016; Zhang XM et al., 2023). ccRCC is an in‐
tricate and heterogeneous malignancy, rendering the 
prediction of patient prognosis challenging. Advances 
in high-throughput sequencing and bioinformatics have 
furnished indispensable tools for investigating prognos‐
tic biomarkers, clinical stratification, and disease re‐
currence detection (Wang et al., 2009; Kyrochristos 
et al., 2019). Hence, it is of great importance to un‐
cover clinically applicable prognostic biomarkers in 
ccRCC, with the aim of refining prognostic evalua‐
tions of disease progression, estimating OS, and cus‐
tomizing treatment strategies.

The expanding understanding of PCD mech‐
anisms has revealed distinct molecular characteristics 

Fig. 6  Comparative analysis of the tumor microenvironment between the two pyroptosis, apoptosis, and necroptosis 
(PANoptosis)-index (PANI) groups. (a) Heatmap illustrating the landscape of immune cell infiltration in the low- and high-
PANI groups. (b) Comparison of stromal score, ESTIMATE score, immune score, and tumor purity in the low- and high-
PANI groups. (c) Analysis of the fraction of infiltrating immune cells between the low- and high-PANI groups. (d) Heatmap 
showcasing the landscape of immune-related functions in the low- and high-PANI groups. (e) Boxplot showing the relative 
percentage of immune cells in each clear cell renal cell carcinoma (ccRCC) patient. (f) The single-sample gene set 
enrichment analysis (ssGSEA) of the disparities in immune infiltration levels and immune-related functions between 
the low- and high-PANI groups. (g) Butterfly plot illustrating the association between PANI and the fraction of immune cells 
and immune-related functions. (h) Heatmap depicting the association between the five PANoptosis-related genes (PRGs) 
and immune cells. R: correlation coefficient.
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Fig. 7  Comparison of immunotherapy response and antineoplastic drug sensitivity between the two pyroptosis, apoptosis, 
and necroptosis (PANoptosis)-index (PANI) groups. (a) Boxplot illustrating the disparity in expression levels of immune 
checkpoint genes (ICGs) between the low- and high-PANI groups. * P<0.05; ** P<0.01; *** P<0.001. (b) Pearson correlation 
analysis revealing the association between PANI and programmed cell death 1 (PDCD1) expression. (c) Pearson correlation 
analysis revealing the association between PANI and cytotoxic T lymphocyte-associated antigen-4 (CTLA4) expression. 
(d‒g) Violin plots depicting the disparities in response to immune checkpoint inhibitors (ICIs) between the low- and high-
PANI groups. (h) Boxplot showing the distribution of PANI scores among clear cell renal cell carcinoma (ccRCC) patients 
with different immunotherapy responses. (i) Bar graph showing the percentage of responses to immunotherapy in the low- and 
high-PANI groups. (j‒n) The half maximal inhibitory concentration (IC50) values of antineoplastic drugs compared between 
the low- and high-PANI groups. PD-1: programmed cell death protein 1; PD-L1: programmed death-ligand 1; IPS: 
immunophenoscore; CR: complete response; PR: partial response; SD: stable disease; PD: progressive disease.
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Fig. 8  Z-DNA-binding protein 1 (ZBP1) knockdown inhibits clear cell renal cell carcinoma (ccRCC) cell proliferation 
and migration. (a, b) The knockdown efficiencies of different small interfering RNA (siRNA)-ZBP1 (si-ZBP1) constructs 
in 786-O and OS-RC-2 cells were evaluated using reverse transcription-quantitative polymerase chain reaction (RT-qPCR). 
(c, d) The effects of transfection with siRNA-#1 (si-#1), si-#2, si-#3, or negative control (si-Ctrl) on cell proliferation 
were evaluated using cell counting kit-8 (CCK-8) assays. (e‒h) The effects of transfection with si-#1, si-#2, si-#3, or 
si-Ctrl on cell migration ability were evaluated using Transwell assays (e, f), and wound healing assays (g, h). The data are 
expressed as mean±standard deviation (SD), n=3. * P<0.05; ** P<0.01; *** P<0.001; **** P<0.0001. OD450: optical density 
at 450 nm; mRNA: messenger RNA; GAPDH: glyceraldehyde 3-phosphate dehydrogenase.
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inherent to various PCD pathways, leading to the 
concept of PANoptosis. PANoptosis is an intricately 
coordinated system characterized by complex interac‐
tions among multiple cell death pathways that regulate 
tumorigenesis (Ketelut-Carneiro and Fitzgerald, 2022). 
Unlike a single death pathway, PANoptosis functions 
through synergistic interactions within the same cell, 
either concurrently or sequentially (Karki et al., 2020; 
Chen et al., 2023). Moreover, various PCD pathways 
can complement one another, being triggered either si‐
multaneously or sequentially in response to signals 
from the TME (Ketelut-Carneiro and Fitzgerald, 2022). 
For example, if apoptosis is inhibited in cancer cells 
undergoing immunotherapy, other PCD pathways like 
pyroptosis, necroptosis, or ferroptosis can be activated 
to eliminate cancer cells. The integration of these 
PCD pathways can significantly impact the immune 
microenvironment and tumor resistance. PANoptosis in 
cancer cells can trigger strong anti-cancer immune re‐
sponses, and immunotherapy can work synergistically, 
even in cases of ICI resistance (Tang et al., 2020).

To predict the prognosis and immunotherapy ef‐
fectiveness in ccRCC, we performed differential ex‐
pression and WGCNA analysis on bulk transcripto‑
mic data from renal cancer and normal kidney tissues, 
identifying 146 PRGs significantly associated with 
ccRCC. Using an integrated machine learning ap‐
proach, we pinpointed five PRGs (ZBP1, TNFSF14, 
CDKN3, PTHLH, and HMOX1) that form the PANI for 
prognosis prediction. We validated the cancer-specific 
high expression of these PRGs through scRNA-seq 
data from clinical samples, immunohistochemistry 
from the HPA, and RT-qPCR in renal cancer cell 
lines. These results highlight the clinical potential of 
our PANI signature. Notably, ZBP1, an interferon-
inducible protein and inflammasome sensor, has been 
recognized as a key instigator of PANoptosis, capable 
of activating the NLR family pyrin domain containing 3 
(NLRP3) inflammasome and PANoptosome (Kuriakose 
et al., 2016; Lee et al., 2021). ZBP1 plays a pivotal role 
in PANoptosis, and its deletion alone is sufficient to 
inhibit PANoptosis (Kuriakose et al., 2016). TNFSF14, 
a member of the tumor necrosis factor (TNF) family, 
is recognized for promoting T cell proliferation, sup‐
porting dendritic cell growth, and inducing apoptosis 
in cancer cells (Nallar et al., 2017). It has been shown 
to reverse immunosuppressive microenvironments and 
enhance anti-tumor immune responses (Ramachandran 

et al., 2023; Zhang N et al., 2023). CDKN3 was veri‐
fied to be able to promote cancer cell proliferation and 
is linked to tumor cell apoptosis (Yu et al., 2017; Li 
et al., 2022; Ma et al., 2023). While the role of PTHLH 
in PANoptosis remains underexplored, HMOX1, a key 
regulator of ferroptosis, plays a dual role in protection 
and cytotoxicity (Adedoyin et al., 2018; Chen et al., 
2021; Tang et al., 2021). Normally, HMOX1 exerts a 
protective role against PCD, but excessive HMOX1 
activity can induce cellular ferroptosis, referred to as 
atypical ferroptosis (Hassannia et al., 2018). To better 
understand the regulatory mechanisms behind the 
heightened expression of PRGs in ccRCC, we pre‐
dicted the potential TFs and eRNAs involved in their 
regulation.

We successfully predicted PFS and OS outcomes 
for patients across the training, testing, and entire 
datasets using the PANI. External dataset validation 
further confirmed its reliability. Univariate and multivari‐
ate Cox regression analyses established PANI as an 
independent prognostic factor in ccRCC. Stratified 
analyses, incorporating various clinical variables, such 
as age, pathological stage, and grade, affirmed the 
broad clinical applicability of the model. Additionally, 
a diagnostic nomogram was developed and validated, 
incorporating PANI and key clinical features. The 
strong correlation between predicted and actual 1-, 3-, 
and 5-year OS in ccRCC patients underscores its po‐
tential as a clinically relevant prognostic tool.

PANoptosis is characterized by distinct features, 
such as plasma membrane rupture and the release of 
cellular contents, which trigger inflammatory responses 
through complex interactions among various cell death 
pathways (Ketelut-Carneiro and Fitzgerald, 2022). Our 
pathway enrichment analysis for the high-PANI group 
revealed significant enrichment in immune-related path‐
ways. Additionally, a detailed analysis of the TME in the 
high-PANI group showed notable alterations, including 
increased immune scores, elevated ESTIMATE scores, 
and reduced tumor purity scores. Multiple algorithmic 
evaluations consistently highlighted increased immune 
cell infiltration and prolonged activation of immune 
functions, indicating a robust state of immune activa‐
tion in the high-PANI group.

Furthermore, the high-PANI group also showed 
a significant upregulation of ICG, a higher IPS score 
for CTLA4 blockade, and increased responsiveness to 
CTLA4 and PD-1/PD-L1/PD-L2 blockade therapies, 
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along with a greater rate of CR or PR to immunother‐
apy. These findings strongly suggest that patients in 
the high-PANI group may experience enhanced effec‐
tiveness of ICIs. Overall, our PANI signature shows 
promise as a clinically valuable tool for predicting im‐
mune status and the responsiveness of ccRCC patients 
to immunotherapy. Additionally, the co-mutation of key 
driver genes of ccRCC, such as VHL, PBRM1, and 
SETD2, in the high-PANI group further emphasizes 
the association between PANI and tumor progression. 
GSEA revealed a significant enrichment of pathways 
related to tumor evolution in this group. This suggests 
that the accelerated tumor progression observed in the 
high-PANI group may contribute to its unfavorable 
prognosis, providing further insights into the molecu‐
lar underpinnings of ccRCC progression.

We have successfully developed a prognostic 
index based on five PRGs, offering novel insights and 
potential biomarkers for predicting prognosis and 
immunotherapy effectiveness in ccRCC. However, 
there are some limitations to consider. Firstly, the study 
relied solely on data from the TCGA public database 
for model construction, highlighting the need for val‐
idation using larger and more diverse clinical datasets. 
Additionally, bulk RNA-seq data analysis may over‐
look intercellular differences and the complex interac‐
tions within the TME. To further validate the model, 
more open-access data on kidney cancer immunother‐
apy are needed. Lastly, further research is essential to 
explore and uncover the underlying mechanisms of 
PANoptosis in ccRCC and its potential therapeutic 
implications.

5 Conclusions 

We have successfully developed PANI, a robust 
prognostic index that holds promise for enhancing 
prognosis prediction and guiding personalized treat‐
ment strategies in ccRCC. This signature, composed 
of five key PRGs (ZBP1, TNFSF14, CDKN3, PTHLH, 
and HMOX1), not only accurately predicts PFS and 
OS in ccRCC patients but also demonstrates its clin‐
ical applicability through validation in external data‐
sets. Furthermore, PANI serves as an independent prog‐
nostic factor, even after stratification by various clin‐
ical factors. Our investigation revealed a strong corre‐
lation between PANI and immune-related pathways, 

indicating heightened immune activation marked by 
increased immunocyte infiltration and elevated im‐
mune functions within the high-PANI group. This 
group also exhibited increased ICG expression and a 
favorable response to ICIs, which bodes well for the 
potential efficacy of immunotherapy. Additionally, 
the co-mutation status of driver genes and pathway 
enrichment findings offer insights into the unfavorable 
prognosis observed in the high-PANI group. More‐
over, we verified the carcinogenic effect of ZBP1, the 
most significant component of PANI, through in vitro 
experiments.
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