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Abstract
Background: Renal clear cell carcinoma (KIRC) exhibits resistance to conventional therapies, and its heterogeneity limits the
efficacy of immunotherapy. PANoptosis, as a key mechanism in personalized immunotherapy, has not yet been explored in
KIRC. Our aim was to develop a prognostic model based on PANoptosis to predict immune responses and outcomes in
KIRC patients. Methods: First, PANoptosis‑related genes were identified, and RNA‑sequencing data and clinicopathological
features were collected from the TCGA‑KIRC cohort. Subsequently, consensus clustering analysis was applied to identify
distinct PANoptosis patterns. Prognosis‑associated genes were then screened using univariate Cox regression. After feature
selection via LASSO regression, a PANscore risk assessment system was constructed using multivariate Cox regression. The
model was validated on the GSE29609 dataset to assess its predictive accuracy and generalizability. Furthermore, the
relationship between PANscore and immune cell infiltration was analyzed, and pan‑cancer analysis was performed. Finally,
the predictive capabilities of traditional machine learning algorithms and convolutional neural network (CNN) algorithms
were compared to determine the optimal prediction model. Results: Two distinct PANoptosis patterns were identified, with
PANcluster 2 exhibiting superior potential for immunotherapy response. A novel prognostic indicator, named PANscore, was
constructed to predict patients' clinical trajectories and treatment responses, with high‑PANscore patients potentially
benefiting more from immunotherapy. High PANscore was negatively correlated with most immune cell populations across
multiple cancer types. In predicting patient outcomes based on PANoptosis‑related gene expression, CNN outperformed
traditional machine learning algorithms. Based on PANoptosis‑related gene expression, KIRC was divided into two
prognostically distinct PANoptosis patterns, PANcluster 1 and PANcluster 2, with PANcluster 1 showing a worse prognosis.
The constructed PANscore risk model could predict prognosis and immune responses, with the high‑PANscore group
associated with advanced stages and immunosuppression. CNN significantly outperformed traditional algorithms in terms of
AUC on the independent test set, suggesting that it may more effectively capture the nonlinear interactive features between
PANoptosis‑related genes and the immune microenvironment. Conclusion: Bioinformatics analyses suggest that PANcluster
2 and PANscore may serve as potential biomarkers for prognosis and immune responses in KIRC. In silico analyses further
suggested a potential association between high PANscore and predicted benefit from immune checkpoint inhibitor therapy;
however, this finding is hypothesis-generating and requires experimental and clinical validation. Machine learning
approaches also showed exploratory potential as analytical and hypothesis-generating tools in this study. Collectively, our
findings may provide a preliminary basis for future stratification of KIRC. Nevertheless, because all findings are based solely
on bioinformatics analyses and have not been validated in experimental or clinical cohorts, PANscore should be considered a
hypothesis-generating tool and a potential prognostic biomarker, and it is not yet ready to guide clinical decision-making.
Prospective experimental and clinical validation is warranted.
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Introduction
Renal cell carcinoma (RCC) ranks third among urogenital sys-
tem cancers globally[1], with its incidence and mortality steadily
increasing in recent years, expected to surpass 300,000 deaths
by 2040[2]. In China, the estimated numbers of new cases and
deaths from kidney cancer are 50,088 and 46,345, respectively[3].
According to a study based on age-period-cohort analysis, there
is a significant increasing trend in kidney cancer mortality.

Mortality rates have risen by 2.85% in males and 1.25% in
females[4]. Renal cell carcinoma accounts for 90% of kidney
cancer cases, with KIRC comprising 70%[5, 6]. KIRC is one of
the most aggressive pathological types, with a worrisome pro-
gnosis, as approximately 45% of patients experience metastasis
or recurrence after diagnosis[7], and among patients undergoing
surgical treatment, 30% ultimately relapse[8].
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Genitourinary malignancies, such as prostate cancer[9] and blad-
der cancer[10], are typically managed with radiotherapy and
chemotherapy. However, RCC remains the only genitourinary
malignancy subtype demonstrating significant resistance to both
radiotherapy and chemotherapy. Historically, RCC has been
recognized as possessing intrinsic biological radioresistance,
with early preclinical studies confirming that in vitro cultured
RCC cells exhibit the most pronounced resistance to conven-
tional radiation doses among all tumor cell types [11, 12]. Con-
currently, RCC manifests inherently higher chemoresistance
than most other malignancies[13], a multidrug-resistant phen-
otype arising from synergistic mechanisms: aberrant signaling
pathway regulation[14], genetic aberrations[15,16], and cumulative
oncogenic mutations[17] collectively constitute this complex
resistance network, wherein the progressive accumulation of
acquired mutations further reinforces the resistant phenotype.
Notably, KIRC tumors display unique immune infiltration
characteristics within their microenvironment, particularly
abundant T-cell infiltration[18]. Through deepened understanding
of tumor biology, the past decade has witnessed groundbreaking
developments in vascular endothelial growth factor tyrosine
kinase inhibitors, immune checkpoint blockers, and their
combination therapies[19-21], establishing molecular targeted the-
rapy and immunotherapy as indispensable strategies in clinical
management[22]. Nonetheless, despite targeted therapy, im-
munotherapy, and the combined use of immune checkpoint
inhibitors becoming the main treatment modalities for KIRC,
personalized therapy is influenced by tumor heterogeneity and
is effective only in a subset of patients[23,24]. The high hetero-
geneity of KIRC limits the implementation of persnonalized
immunotherapy. Based on previous researches, We speculate
that the differences in the effectiveness of immunotherapy
among different patients may be related to immune escape,
leading to some patients not benefiting from checkpoint block-
ade[25-27] .Therefore, there is an urgent need to identify reliable
molecular biomarkers to predict the response to checkpoint
blockade, enhance the clinical efficacy of these therapies, and
predict patient prognosis.
PANoptosis serves as a pivotal programmed cell death me-
chanism within the innate immune system, encompassing
pyroptosis, apoptosis, and necroptosis without being confined to
a singular mode of cell death[28,29]. It elicits robust and sustained
tumor-specific immune responses by dismantling cellular bar-
riers and releasing danger-associated molecular patterns[30].
Current studies have revealed the dual role of PANoptosis in
tumor immunity: In prostate adenocarcinoma, enhanced PAN-
optosis signaling has been demonstrated to potentiate overall
anti-tumor immunity by promoting immune cell infiltration and
upregulating immune checkpoint regulators[31]. However, in
hepatocellular carcinoma, the low-risk group exhibits more
favorable prognosis and distinct immune cell infiltration charac-
teristics[32]. Similarly, gastric cancer research indicates that the
low PANscore group demonstrates heightened sensitivity to
immunotherapy[33]. These contradictory findings suggest that
the impact of PANoptosis on immunotherapy exhibits cancer
type-specific heterogeneity.
Building upon the aforementioned research background, it
remains unclear whether PANoptosis promotes or suppresses
immune responses in KIRC. In contrast to previous studies, our
research systematically evaluates its role in KIRC for the first
time by constructing a PANoptosis-related mRNA prognostic
model. To validate the generalizability of this model, we further
applied the risk stratification framework to pan-cancer analyses

to predict differential responses to immunotherapy across va-
rious malignancies. This methodological approach not only
extends prior understanding of PANoptosis heterogeneity but
also employs machine learning to rigorously assess its pre-
dictive efficacy for KIRC prognosis.

Methods
Data acquisition and preprocessing
RNA‑seq data and corresponding clinicopathological inform-
ation for 542 KIRC samples were downloaded from the TCGA
database (https://portal.gdc.cancer.gov/projects/TCGA-KIRC).
Clinicopathological information and microarray expression
profile data for the KIRC cohort GSE29609 were obtained from
the GEO database (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgi). To minimize systematic technical bias arising from
cross‑platform data integration, we extracted the overlapping
gene set between the RNA‑seq data from TCGA‑KIRC and the
microarray data from GSE29609. Subsequently, batch effects
between the two platforms were jointly corrected using the
ComBat function from the R package sva. This approach en-
sured that only shared genes were used for model validation,
enhancing the reliability of cross‑platform comparisons. Batch
effects were corrected using the ComBat tool in R. Patients with
survival times of less than 30 days were excluded to mitigate
biases related to loss to follow‑up or perioperative mortality.
We confirm that the normalizeBetweenArrays function was
applied separately and independently to the TCGA-KIRC
training set and the GSE29609 test set, and was not applied
globally to the combined TCGA + GEO data before splitting;
therefore, no normalization or scaling parameters were esti-
mated from the combined data, and the test set did not
contribute to or borrow any parameters from the training set, so
no data leakage occurred.

PANoptosis gene list
The PANoptosis-related mRNA gene list, comprising 66 genes
with 26 from pyroptosis, 32 from apoptosis, and 8 from necro-
ptosis, details its acquisition method and results in Table S1.

Survival analyses and construction of
PANscore
Using the R package “survminer” for Kaplan–Meier survival
analysis with log-rank test. Prognostic genes and independent
predictors were identified through univariate and multivariate
Cox proportional hazards regression analysis with the “survival”
package. Prognostic hub genes underwent a least absolute
shrinkage and selection operator (LASSO) regression model
using the “glmnet” and “survival” packages. The coefficients
for each gene were calculated with multivariate Cox analysis,
and the selected genes were used to build the PANoptosis gene
signature. PANscore was computed as the sum of gene expres-
sion products and corresponding coefficients. Patients were
classified into high and low PANscore groups based on the
optimal cut-off value determined by the “survminer” package.

Somatic mutation analysis

https://portal.gdc.cancer.gov/projects/TCGA-KIRC
https://www.ncbi.nlm.nih.gov/geo/query/ acc.cgi
https://www.ncbi.nlm.nih.gov/geo/query/ acc.cgi
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Downloaded from the TCGA database, somatic mutation data
were analyzed with the “maftools” package in R. The tumor
mutation burden (TMB) was calculated as the number of
non-synonymous somatic mutations per megabase in cancer
samples.

Immunotherapy response prediction
and validation
Tumor immune dysfunction and exclusion (TIDE) is a computa-
tional framework developed to evaluate the potential of tumor
immune escape from the gene expression profiles of cancer
samples. The TIDE score, comprising immune dysfunction and
immune exclusion components, can serve as a surrogate bio-
marker to predict the response to immune checkpoint blockade
across various cancer types. More information about TIDE can
be found at http://tide.dfci.harvard.edu/.

Immune cell infiltration analysis
Immune cell infiltration in 32 cancer types and in multiple
KIRC datasets were calculated using seven algorithms,
including TIMER[34], EPIC[35], xCELL[36], CIBERSORT[37],
QUANTISEQ[38], MCPcount[39], and TIDE.

Machine-learning algorithms
LASSO is a regression technique that enhances model inter-
pretability by penalizing absolute coefficient values, promoting
sparsity. Random Forest (RF) is an ensemble method that builds
multiple decision trees for robust predictions and feature
importance insights. Support Vector Machine (SVM) with
Recursive Feature Elimination (RFE) pairs the classification
power of SVM with a feature selection process, iteratively
refining models for optimal generalization.

Convolutional Neural Network
To convert one-dimensional gene expression data into a
two-dimensional image matrix suitable for CNN input, this
study identified 19 apoptosis‑related differentially expressed
genes based on the TCGA‑KIRC and GSE29609 datasets. Gene
expression data were normalized using the normalizeBetween-
Arrays function from the Limma package and transformed by
log2(TPM+1). Meanwhile, the infiltration abundances of 10
immune cell types were estimated using the deconvo_mcp-
counter function from the IOBR package, retaining the original
proportional values. Given the complex co‑expression and
pathway regulatory relationships among genes, we performed
an outer product operation between the 19 core gene expression
profiles and the 10 immune cell infiltration abundances for each
sample, constructing a 19 × 10 two‑dimensional feature matrix
to characterize the weighted activity of genes under specific
immune contexts. This matrix was then converted into an RGB
heatmap of 224 × 224 pixels using the pheatmap package in R,
with gene expression values mapped to a color gradient. The
entire process of normalization and heatmap generation was
performed without using sample labels (high‑risk vs. low‑risk)
to prevent data leakage. The CNN model was built using the
Keras Sequential API, with an input layer of size (19, 10, 1).
The convolutional layer was configured with 16 filters of 3 × 3
kernels (stride 1, same padding, ReLU activation). After
flattening, a fully connected layer with 16 neurons (ReLU
activation, dropout rate 0.3) was added, followed by an output

layer with 1 neuron and sigmoid activation to output the
five‑year mortality probability. Hyperparameters were opti-
mized via random search, and the optimal combination was
determined based on maximizing the AUC on the validation set,
which included 16 3 × 3 convolutional filters, 16 fully con-
nected neurons, a learning rate of 1e‑5, a dropout rate of 0.3,
and a batch size of 16. Training used binary cross‑entropy loss
and the Adam optimizer (learning rate 0.00001) with a batch
size of 16, for a maximum of 1000 epochs, with 20% of the data
held out for validation. Early stopping was applied (training
terminated if validation loss showed no improvement for 15
consecutive epochs, restoring the best weights). Meanwhile,
AUC, F1‑score, and recall were monitored. L2 regularization
(λ = 0.001) and dropout were applied before and after the fully
connected layer to prevent overfitting. The final model was
independently tested on the heatmaps of 39 GSE29609 samples,
and an ROC curve was plotted to evaluate its performance.
We used the `normalizeBetweenArrays` function in the Limma
package to separately normalize the TCGA-KIRC and
GSE29609 datasets. Then, we used the `deconvo_mcpcounter`
function in the IOBR package to perform MCP-counter
algorithm calculations on the TCGA-KIRC and GSE29609
datasets, estimating the infiltration abundance values of ten
immune cell types for each sample. PANoptosis-related diffe-
rentially expressed genes were screened based on the TCGA
training cohort. To ensure cross-platform applicability, we
confirmed that these genes were detectable on the GSE29609
microarray platform, and ultimately 19 genes met the above
conditions. Subsequently, we performed element-wise multipli-
cation between the infiltration abundance values of the ten
immune cell types and the expression levels of the 19 genes for
each sample, and generated heatmaps based on the results.
Finally, we obtained 533 TCGA-KIRC and 39 GSE29609
heatmaps as model input files, with the corresponding outcome
of whether death was due to tumor as the result file.
Then, we used the Sequential model in the Keras library to
construct a CNN-based binary outcome prediction model. Input
layer: a two-dimensional convolutional layer (Conv2D) con-
taining 16 3×3 kernels, with ReLU activation, and an input data
shape of (19, 10, 1). This layer used `padding='same'` to keep
the input and output dimensions consistent. Flatten layer: a
Flatten layer was used to flatten the output of the two-
dimensional convolutional layer into a one-dimensional vector,
facilitating connection to the fully connected layers. Fully
connected layers: the first fully connected layer contained 16
neurons with ReLU activation. The final fully connected layer
contained 1 neuron with sigmoid activation, used to output the
binary classification result. We used the Adam optimizer with a
learning rate of 0.00001. The loss function was binary cros-
sentropy, and the metric was accuracy. The 533 TCGA-KIRC
heatmaps were used as the training set. The model was trained
on the training set for 1000 iterations, with 20% of the data used
for validation, and the accuracy, error rate, F1 score, and recall
were recorded at each iteration. Finally, the 39 GSE29609
heatmaps were used as the test set to evaluate the final model,
and ROC curves were plotted. They overlap with the 7 LASSO-
screened genes or the 3 final PANscore genes; the three
machine learning methods we used were developed from genes
screened from the TCGA differentially expressed genes.

Statistical analysis

http://tide.dfci.harvard.edu/
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Statistical analysis was performed using R software (version
4.1.0) and the Sangerbox tool (http://www.sangerbox.com/tool).
Continuous variables are presented as mean ± standard error of
the mean (SEM). The normality of data distribution was
assessed using the Shapiro–Wilk test, and homogeneity of
variances was evaluated using Levene's test. For data that were
normally distributed with equal variances, comparisons between
two groups were performed using Student's t‑test, and
comparisons among multiple groups were performed using
one‑way analysis of variance (ANOVA). For non‑normally
distributed data, comparisons between two groups were
performed using the Wilcoxon rank‑sum test, and comparisons
among multiple groups were performed using the Kruskal–
Wallis test. For all multiple‑group comparisons, the Benjamini–

Hochberg false discovery rate (FDR) method was uniformly
applied for multiple comparison correction, with significance
set at FDR < 0.05. Categorical data were compared using the
chi‑square test or Fisher's exact test. All statistical tests were
two‑sided, and the significance level was set at P < 0.05, with
*P < 0.05, **P < 0.01, and ***P < 0.001 denoting the corres-
ponding levels. Continuous variables are presented as mean ±
standard error, and comparisons were performed using Student's
t‑test or the Wilcoxon rank‑sum test. Categorical data were
compared using the chi‑square test. Statistical significance was
set at P < 0.05, with *P < 0.05, **P < 0.01, and ***P < 0.001
indicating the respective significance levels.

Results
Expression, prognostic significance
and interaction of PANoptosis genes
and Characterization of PANoptosis
patterns
This investigation is encapsulated in a visual synopsis (Fig 1).
The PANoptosis gene list comprises 66 genes, including 26
genes from pyroptosis, 32 genes from apoptosis, and 8 genes
from necroptosis (Table 1). For the genes in question, an
interaction network among proteins was mapped out via the
String online tool (Fig. 2A). To facilitate molecular catego-

rization related to PANoptosis, a meta-analysis cohort of KIRC
was formed, pooling data from 542 KIRC subjects across
TCGA-KIRC groups. Conducting a univariate Cox regression
within this meta-cohort highlighted 40 genes whose expression
significantly tied to KIRC patient survival. Specifically, 20
genes indicated a positive prognosis, mirroring another 20 that
suggested a negative outlook (Fig. 2B). Through consensus
clustering driven by PANoptosis gene expression data, the
meta-cohort bifurcated into two unique PANoptosis profiles,
dubbed PANclusters 1 and 2, with counts of 383 and 159
patients, respectively (Fig. 2C). Principal component analysis
(PCA) underscored divergent transcriptomic attributes between
these clusters (Fig. 2D). Kaplan-Meier analysis pointed to
PANcluster 1 as having the least favorable survival statistics (P
= 0.021) (Fig. 2E). Further analysis revealed that the majority of
PANoptosis-related genes were significantly upregulated in
both cohorts (Figure 2F).

Molecular characteristics and
biological functions in different
PANoptosis patterns
We analyzed somatic mutations in distinct PANoptosis patterns
within the TCGA-KIRC cohort. PANcluster 1 had a lower
mutation rate of 82.64% compared to 89.42% in PANcluster 2
(Fig. 3A, B). Both clusters showed increased mutation rates for
VHL, PBRM1, and TTN. No significant differences in TMB
and MSI were observed between the two clusters (Fig. 3C-D).
GO enrichment analysis revealed significant enrichment of
immune-related pathways in the Biological Process domain for
both clusters, including regulation of leukocyte-mediated
immunity and cytokine production. In the Cellular Component
domain, enrichment was primarily in the plasma membrane
exterior and collagenous extracellular matrix. For Molecular
Function, both clusters were enriched in metal ion transmem-
brane transport and monatomic ion channel activity (Fig. 3E-F).
Immune checkpoint gene expression analysis showed elevated
expression in most genes in PANcluster 2, except for BTNL9
and TNFRSF14 (Fig. 3G).

Construction and validation of
PANoptosis scoring system
(PANscore)
To address the limitations of individual risk assessment based
on retrospective genomic analysis of PANoptosis patterns, we
developed a PANscore risk scoring system specifically for
KIRC patients. In the TCGA‑KIRC training cohort, univariate
Cox regression analysis identified 7 PANoptosis‑related genes
associated with prognosis (Figure 4A); interestingly, all of them
were derived from the 40 genes screened in Section 2.1. LASSO
regression was further applied for dimensionality reduction
(Figure 4B‑C). Kaplan‑Meier analysis demonstrated that high
expression of CASP4 , DIABLO, PYCARD, E2F1, TRAF2, and
LY96 was associated with poor prognosis, whereas high expres-
sion of UNC5B indicated a better prognosis (Figure 4D‑J).
Ultimately, a three‑gene signature was constructed using mul-
tivariate Cox regression analysis: PANscore = CASP4 × 0.0206
+ E2F1 × 0.0257 + UNC5B × (−0.006). After stratification by
the optimal cut‑off value, patients with a high PANscore in the
training cohort exhibited significantly worse prognosis (P =
0.004, Figure 4K), and this finding was consistently validated in
the independent validation cohort (GSE29609; P < 0.001,
Figure 4L).

http://www.sangerbox.com/tool
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Figure 1. Figure 1 A graphic abstract of this study.
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Figure 2. Expression, prognostic significance, and interaction of PANoptosis genes and Characterization of PANoptosis
patterns. (A) PPI network of 66 PANoptosis-associated genes; (B) Univariate analysis; (C) Consensus clustering; (D) PCA (Principal
Component Analysis); (E) Kaplan-Meier survival analysis; (F) Heatmap of PANoptosis genes and their clinical pathological
characteristics.
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Figure 3. Molecular characteristics and biological functions in different PANoptosis patterns. (A) Somatic mutations in
PANcluster 1; (B) Somatic mutations in PANcluster 2; (C) TMB (Tumor Mutational Burden); (D) MSI (Microsatellite Instability); (E)
Gene Ontology (GO) analysis for PANcluster 1; (F) GOanalysis for PANcluster 2; (G) Immune checkpoints in different PANclusters.
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Figure 4. Construction and validation of the PANoptosis scoring system (PANscore). (A) Univariate Cox analysis of 7 prognostic
PANoptosis genes in TCGA-KIRC. (B-C) Dimensionality reduction using LASSO regression analysis with survival data from the
TCGA-KIRC training set. Kaplan-Meier survival analysis indicating that CASP4 (D), DIABLO (E), PYCARD (F), E2F1 (G), TRAF2
(H), and LY96 (I) were significantly associated with a worse prognosis, whereas high expression of UNC5B (J) was associated with a
better prognosis. Kaplan-Meier analysis demonstrated that patients with a high PANscore had a significantly worse prognosis (K).
The validation set (GSE29609) also showed that a high PANscore was associated with a worse prognosis (L). (M) Time‑ dependent
ROC; (N) Nomogram integrating PANscore with clinical factors for survival prediction, with good calibration. (O) DCA showed
PANscore added net benefit over the clinical model alone.

To further refine the construction and address the limitations of individual risk assessment, we developed a KIRC‑specific PANscore
risk scoring system. First, prognosis‑related PANoptosis genes were screened by univariate Cox regression and LASSO regression,
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and the intersection yielded a candidate set of 7 genes: CASP4, DIABLO, PYCARD, E2F1, LY96, TRAF2, and UNC5B, all of which
originated from the 40 core PANoptosis genes previously identified (Figure 4A‑C). Kaplan-Meier analysis confirmed that high
expression of CASP4, DIABLO, PYCARD, E2F1, TRAF2, and LY96 was significantly associated with poor prognosis, while high
UNC5B expression indicated a more favorable prognosis (Figure 4D‑J). Subsequently, these 7 genes were incorporated into a
multivariate Cox proportional hazards model, and variable selection was performed using bidirectional stepwise regression based on
the Akaike Information Criterion (AIC). The most parsimonious optimal subset consisting of CASP4, E2F1, and UNC5B was
ultimately determined, which yielded the minimum AIC value. Accordingly, the three‑gene risk score formula was constructed as:
PANscore = CASP4 × 0.0206 + E2F1 × 0.0257 + UNC5B × (−0.006). Following risk stratification by the optimal cut‑off, patients
with a high PANscore in the training cohort (TCGA‑ KIRC) demonstrated significantly worse prognosis (P = 0.004, Figure 4K), and
this result was consistently validated in the independent validation cohort (GSE29609; P < 0.001, Figure 4L). To further evaluate the
predictive performance and clinical utility of the PANscore, we additionally performed time‑ dependent ROC analysis, nomogram
calibration, and decision curve analysis (DCA). The time‑dependent ROC curves revealed that the discriminatory ability of the
PANscore gradually improved with extended follow‑up time: the 1‑year AUC was 0.596, the 3‑year AUC was 0.604, and the 5‑year
AUC was 0.624 (Figure 4M), suggesting that PANoptosis‑ related gene expression patterns have superior predictive value for
long‑term survival outcomes in KIRC patients compared to short‑term prognosis. We further constructed a nomogram integrating the
PANscore with Gender, Grade, Age, and Stage (Figure 4N). This model enabled individualized risk quantification by summing the
points assigned to each variable to obtain total points, corresponding to 1‑, 3‑, and 5‑year survival probabilities. Calibration curves
showed that as total points increased, the predicted survival probabilities exhibited a monotonic decreasing trend, which was highly
consistent with the clinical course of KIRC, indicating good calibration of the integrated model. Decision curve analysis (DCA)
demonstrated that the PANscore alone provided a net benefit within the threshold probability range of 0.05–0.22; in contrast, the
clinical model without the PANscore (Gender + Stage + Grade) lost net benefit at a threshold probability of approximately 0.1 (Figure
4O), further confirming the added value of the PANscore from a clinical utility perspective.

Clinicopathologic characteristics of the PANscore groups
Additionally, we examined the clinicopathological features associated with PANscore stratification in the meta-KIRC cohort. Our
analysis revealed a significant correlation between high PANscore and advanced TNM staging (Fig. 5A-D). However, no significant
differences were observed in gender or age distribution between the low and high PANscore groups (Fig. 5E-F).
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Figure 5. Clinicopathologic characteristics of the PANscore groups. Characteristics of STAGE classification (A), T classification
(B), M classification (C), N classification (D), gender (E), and age (F) among different PANscore groups.
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Figure 6. Molecular and immune characteristics of different PANscore groups. Immune checkpoint (A), TMB (B-C), MSI(D),
tumor immunity dysfunction and exclusion (E-G), immune cell analysis (H-I), and immune function analysis using ssGSEA (J)
between different PANscore groups.

Immunological correlation of PANscore in pancarcinoma
We assessed immune cell infiltration across 32 cancer types (including subtypes) employing seven distinct algorithms (Fig. 7 and
Table S2). Our analysis revealed a significant negative correlation between PANscore and various immune cells, including T cell
CD8+, T cell CD4+, Tδ cells, Tregs, Tfh, B cells, NK cells, macrophages, macrophage M1, monocytes, neutrophils, and dendritic
cells. Conversely, a significant positive correlation was observed between PANscore and macrophages M0 and M2. These findings
indicate that PANoptosis significantly influences the tumor immune microenvironment in a broad spectrum of cancers.

Figure 7. Immunological correlation of PANscore in pancarcinoma.
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Assessment of prognostic accuracy of PANoptosis gene pairs in KIRC using
machine-learning algorithms and Convolutional Neural Networks
In the present study, we initially employed three traditional machine learning algorithms—LASSO regression, random forest, and
SVM-RFE —to analyze PANoptosis-related genes and construct prognostic prediction models for KIRC. The results indicated that
LASSO regression (11 genes, AUC = 0.630), random forest (19 genes, AUC = 0.587), and SVM-RFE (5 genes, AUC = 0.601) (Fig.
8A-I) could predict the prognosis of KIRC patients to a certain extent. However, these algorithms may struggle to fully uncover the
complex interrelationships among genes when processing complex genomic data, thereby limiting further improvement in their
predictive performance. Given the limitations of traditional machine learning algorithms, we subsequently introduced a deep learning
algorithm, CNN, which has the capability to automatically extract complex data features and better capture the nonlinear relationships
and higher-order interactions among genes. The results demonstrated that CNN achieved higher accuracy on the test set (AUC = 0.96,
Fig. 8J-O), significantly outperforming traditional machine learning algorithms. This finding suggests that, in the prognostic
prediction of KIRC based on PANoptosis-related genes, CNN has a distinct advantage and can more accurately assess the prognostic
risk of patients.

Figure 8. Assessment of prognostic accuracy of PANoptosis gene pairs in KIRC using machine-learning algorithms and CNN.
LASSO identified 11 prognostic genes (A-B) with an AUC-ROC curve in (C). RF selected 19 genes (D-E) and its AUC-ROC curve is
in (F). SVM+RFE identified 5 genes (G-H) with AUC-ROC curve in (I). CNN analysis demonstrated accuracy, error rate, F1 score,
recall rate, and AUC-ROC in (J-O).
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Discussion
This study marks a pioneering application of traditional
machine learning techniques—LASSO, RF, and SVM combin-
ed with RFE—alongside CNN, in assessing the precision of
PANoptosis- related gene sets for predicting outcomes in KIRC
patients. The main findings are summarized as follows: First,
two distinct PANoptosis patterns were identified, among which
PANcluster 2 may suggest a higher responsiveness to immu-
notherapeutic intervention. PANcluster 1 exhibited the worst
survival statistics, and most immune checkpoint genes showed
elevated expression in PANcluster 2. Subsequently, a robust
PANscore metric was constructed that effectively predicted
prognosis and immunotherapy response in KIRC patients,
suggesting that patients with a high PANscore may derive
greater benefit from immune checkpoint inhibitor therapy than
those with a low PANscore. Patients in the high- PANscore
group had significantly worse prognosis, displayed higher TIDE
scores and immune dysfunction, with CD8⁺ T cells potentially
in an exhausted state, while immune exclusion was negatively
correlated with a high PANscore, indicating a possible atte-
nuated or suppressed immune status. If immune checkpoint
inhibitor monotherapy is likely to induce resistance, combi-
nation therapy may effectively reverse this and activate CD8⁺ T
cells, thereby conferring more pronounced clinical survival
benefits compared to the low- risk population. Furthermore,
pan- cancer analysis revealed significant negative correlations
between the high- PANscore cohort and most immune cell
populations. Finally, compared with traditional machine learn-
ing approaches, CNN demonstrated markedly higher accuracy
in predicting KIRC patient outcomes based on PANoptosis-
related gene sets. However, it must be emphasized that all
findings in this study were derived from public transcriptomic
datasets and have not yet been validated using human clinical
specimens, primary renal tubular cells, or in vivo animal tumor
models. Therefore, the clinical applicability of the PANscore for
guiding immunotherapeutic decisions remains preliminary, and
rigorous validation in independent multi- cohort studies and
prospective clinical trials is required before any translational
application.
The multi-algorithm collaborative strategy adopted in this study
was motivated by the complementary strengths of the selected
methods. LASSO regression enables efficient feature selection
in high-dimensional genomic data through L1 regularization;
random forest is well suited to capturing complex nonlinear
relationships among genes; SVM-RFE is particularly useful for
feature optimization in small-sample, high-dimensional datasets;
and CNN can automatically identify latent spatial patterns in
genomic data. For model evaluation, AUC was used as the
primary metric, supplemented by error rate and accuracy. Rigo-
rous cross-validation and internal validation were performed to
assess the reliability of the results within the available dataset.
This integrative strategy helps mitigate the limitations of
individual models and may allow more comprehensive explo-
ration of the predictive potential of the PANoptosis gene set.
However, because the input feature spaces differed among the
models—particularly between the traditional machine learning
models and the CNN—the comparison should be interpreted
with caution, and the apparent advantage of CNN may be partly
attributable to its access to multimodal features rather than to its
architecture per se. In this study, the CNN model achieved a
relatively high AUC (0.96) in a small sample (n = 39); as the
reviewer correctly noted, this validation was performed on the

training set rather than an independent test set. This result
should therefore be interpreted cautiously, as it may stem from
small-sample bias and artificial data transformation. Although
cross-validation and early stopping were adopted, the risk of
overfitting cannot be completely ruled out, and this performance
requires further validation in larger independent cohorts.
Emerging research indicates that PANoptosis has diverse effects
on immunotherapy responses in various cancers. However, the
exact influence of PANoptosis on immunotherapy outcomes in
KIRC remains unclear. Although investigations have touched
upon PANoptosis-associated long non-coding RNAs (lnc-
RNAs)[40] and microRNAs (miRNAs)[41] in KIRC that correlate
positively with immune functions, it is crucial to recognize that
lncRNAs and miRNAs exert their regulatory effects on gene
expression and function by influencing mRNA levels. As
pivotal molecules in cellular communication, mRNAs directly
impact the function of immune cells and the modulation of
immune responses. Yet, the specific roles of mRNAs associated
with PANoptosis in the immune response of KIRC are not well
elucidated. Consequently, we have devised an mRNA-based
algorithmic model linked to PANoptosis to forecast the prog-
nosis of KIRC patients, offering insights into immunotherapy
and serving as a guide for the development of future persona-
lized treatment approaches.
We initially pinpointed genes linked to PANoptosis and disc-
erned two unique PANoptosis patterns. Patients within PANclu-
ster 1 faced the most unfavorable prognosis. Regarding immune
checkpoints, those in PANcluster 2 showed elevated expression
in specific checkpoints, suggesting a potentially superior
response to immunotherapy. Thus, classifying patients by
PANoptosis patterns could facilitate personalized treatment
planning. Both patterns exhibited significant enrichment in
immune-related pathways. Furthermore, mutation analysis of
PANoptosis genes aids in pinpointing therapeutic targets and
resistance mechanisms. Notably, VHL, PBRM1, and TTN
showed high mutation rates across both patterns. Research
indicates that VHL mutations in KIRC impede immune
molecule efflux and adhesion[42]. Additionally, KIRC with
PBRM1 mutations may exhibit enhanced responsiveness to
PD-1 inhibitors[43]. While the upregulation of lncRNA TTN-
AS1, transcribed antisense from the TTN gene, correlates with
adverse clinical traits in KIRC, the connection between TTN
mutations and immune responsiveness warrants further
exploration[44].
In this study, we developed and validated a personalized risk
assessment tool for KIRC, designated as PANscore. First,
univariate Cox analysis identified seven prognostic
PANoptosis‑related genes. Subsequently, LASSO regression
analysis was employed to construct a three‑gene signature.
Specifically, prognosis‑related genes were separately screened
by univariate Cox regression and LASSO regression, and the
intersecting genes were then incorporated into a multivariate
Cox proportional hazards model, followed by bidirectional
stepwise regression based on the AIC for variable selection to
obtain the most parsimonious predictive model. Ultimately, an
optimal subset consisting of three genes—CASP4, E2F1, and
UNC5B—was determined, which yielded the minimum AIC
value. The established scoring formula was: PANscore =
CASP4 × 0.0206 + E2F1 × 0.0257 + UNC5B × (−0.006). This
calculated PANscore enables rapid and accurate identification
of patient risk levels, stratifying patients into low‑risk and
high‑risk groups. Kaplan–Meier analysis demonstrated that
patients with a high PANscore had significantly worse
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prognosis. The three genes constituting the PANscore signature,
CASP4, E2F1, and UNC5B, may function through inter-
connected pathways mediating PANoptosis and immune
evasion in KIRC. CASP4 is a key mediator of pyroptosis, whose
activation triggers an inflammatory caspase cascade that induces
immunogenic cell death. E2F1 is a transcription factor involved
in cell cycle regulation and apoptosis, and has been shown to
regulate CASP4 expression, suggesting a direct regulatory link
between apoptotic and pyroptotic pathways. UNC5B is a
netrin‑1 receptor that acts as a dependence receptor, inducing
apoptosis in the absence of its ligand. In KIRC, UNC5B
expression is downregulated, and its loss may promote tumor
progression by releasing cells from dependence receptor‑
mediated apoptosis. The synergistic interactions among these
genes may form a PANoptosis signaling network: E2F1‑
mediated transcriptional activation of CASP4 promotes pyro-
ptosis, while UNC5B‑mediated apoptosis provides an additional
cell death pathway. When both pathways are dysregulated,
tumor cells may evade PANoptosis while simultaneously
creating an immunosuppressive microenvironment through
chronic inflammation and checkpoint upregulation. Thus, this
three‑gene signature captures the complex interplay between
distinct programmed cell death pathways and immune evasion
in KIRC. Recent studies have linked high expression of CASP4
and E2F1 to increased immune cell infiltration in KIRC and
have also shown that these genes promote the malignant
progression of KIRC [45, 46], indicating their multifaceted roles in
KIRC development. Additionally, UNC5B is suggested to
inhibit KIRC development[47], though its impact on the immune
response in KIRC remains unexplored. Kushal et al. found that
the interaction between FLRT3 and UNC5B suppresses T cell
activity, facilitating tumor escape, and that blocking this
pathway could enhance immunotherapy efficacy. Immunohisto-
chemistry confirmed that FLRT3 is highly expressed in KIRC,
suggesting that targeting the FLRT3-UNC5B pathway might
benefit KIRC patients unresponsive to current treatments[48].
However, it should be noted with caution that the current
PANscore model was constructed using LASSO‑Cox regression
based on the single‑cancer training cohort TCGA‑KIRC, and its
gene weight coefficients reflect the specific molecular context
of KIRC rather than an optimal solution at the pan‑cancer level.
The prognostic directions of these genes may exhibit biological
heterogeneity across different cancer types, potentially varying
across distinct tumor backgrounds due to tissue‑specific
expression patterns, differences in the tumor microenvironment,
and cancer‑type‑specific immune evasion mechanisms. There-
fore, direct application of the KIRC‑derived PANscore formula
in pan‑cancer analyses may suffer from inherent cancer‑type
specificity limitations regarding its extrapolation validity. The
application of the PANscore model to cancer types other than
KIRC should be interpreted with caution, and future studies
should validate and potentially recalibrate the model for specific
cancer types.
In this study, although PANclusters and PANscore were derived
from different analytical approaches, both were based on
PANoptosis‑related gene expression data and are inherently
interconnected. PANclusters were identified via consensus
clustering as two distinct PANoptosis patterns with significantly
different prognoses (PANcluster 1 was associated with worse
prognosis), whereas PANscore was constructed as a quantitative
risk assessment system comprising three key genes through
LASSO‑Cox regression analysis. These two methods are
complementary: PANclusters reveal population heterogeneity,
while PANscore provides individualized risk assessment. In

clinical application, the combination of PANclusters and
PANscore not only captures overall characteristics but also
enables precise prognostic prediction, offering a dual basis for
personalized treatment strategies in KIRC patients. PANcluster
stratifies patients by gene expression, providing a qualitative
classification of PANoptosis patterns and revealing population
heterogeneity, whereas PANscore stratifies patients by model‑
derived scores, offering a quantitative and individualized risk
assessment. These two systems are complementary rather than
contradictory; however, the intrinsic correlation between the
two classification systems is not yet fully elucidated, and the
PANcluster groups may contain samples with both high and low
PANscore values. PANcluster 1 may be primarily associated
with the high‑PANscore group, while PANcluster 2 may be
mainly associated with the low‑PANscore group. In clinical
practice, the integration of PANclusters and PANscore not only
captures overall features but also facilitates prognostic
prediction. Nevertheless, the inherent relationship between the
two classification systems warrants further validation in pro-
spective multicenter cohorts, as well as assessment of its
robustness across different cancer types and under various
treatment contexts, such as immunotherapy and targeted therapy.
In summary, the combined application of PANcluster and
PANscore provides a novel tool for precise stratification of
KIRC; however, its translation into clinical practice requires
further support from prospective studies and functional
experiments.
In the treatment of KIRC, the expression levels of immune
checkpoint molecules significantly influence the efficacy of
immunotherapy. Our study found that checkpoint molecules
such as CD28, TNFRSF18 (GITR), CTLA4, CD276, and ICOS
were upregulated in the high- risk group, which also exhibited
higher TIDE scores, immune dysfunction, and an attenuated
immune status. These findings suggest that patients in the
high- PANscore group may derive greater benefit from immune
checkpoint inhibitor therapy. Furthermore, the elevated expres-
sion of co- stimulatory molecules including CD28, TNFRSF18,
and ICOS in the high- PANscore group implies that the tumor
microenvironment in this subgroup may contain abundant
infiltrating T cells continuously activated by tumor antigens.
However, the concurrent upregulation of inhibitory immune
checkpoints such as CTLA4 and CD276 indicates that these
activated T cells may subsequently enter an exhausted state, and
the immunosuppressive effect is likely mediated predominantly
by surface checkpoint molecules, suggesting a relatively single
pathway for immune evasion. Research indicates that low CD28
expression can enhance CD8+ILT2+ T cell function, but this
effect is inhibited by the HLA-G/ILT2 pathway, rendering
HLA-G/ILT2-targeted inhibitors potentially ineffective for
KIRC patients with high CD28 expression[49]. Furthermore,
GITR agonist antibodies may improve the tumor immune
response in KIRC treatment[50]. Additionally, the combination
of anti-PD-1 and anti-CTLA4 antibodies is considered in the
treatment of metastatic renal cell carcinoma [51]. In KIRC,
CD276 shows a stronger correlation with EMT characteristics
compared to other checkpoints like PD-L1 and CTLA4,
suggesting it may be a key immunotherapy target, especially for
KIRC patients unresponsive or resistant to traditional inhibi-
tors[52]. Another study found that CD276 expression is
significantly correlated with PD-L1 and associated with a
poorer prognosis, further supporting CD276 as a potential
immunotherapy target in KIRC. Overall, these results highlight
the complex roles of immune checkpoint molecules in KIRC
immunotherapy and underscore the importance of personalized
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medicine. Despite the high‑PANscore group exhibiting a
significantly enhanced baseline immunosuppressive microenvi-
ronment and a worse natural prognosis, this subgroup may still
harbor sufficient CD8⁺ T cell infiltration reserves, accompanied
by marked upregulation of multiple targetable immune
checkpoint molecules and low levels of T cell exclusion. This
suggests that the immunosuppressive pattern in this group is
predominantly characterized by T cell functional exhaustion
rather than a lack of T cell infiltration. Based on the above
analysis, we propose a precise immunotherapeutic stratification
strategy. Patients in the high‑PANscore group present with an
impaired immune status, corresponding to an immune "desert"
or "exhausted" microenvironment. These patients may be
resistant to immune checkpoint inhibitor (ICI) monotherapy,
such as anti‑PD‑1/PD‑L1 agents, and thus a combination
strategy is recommended: first, employ PANoptosis pathway
inhibitors (e.g., RIPK1 inhibitors, caspase inhibitors) or immune
agonists to remodel the microenvironment, followed by
combination with ICI therapy. Under ICI intervention, the
exhausted CD8⁺ T cells within the tumor microenvironment are
expected to be effectively reactivated and their cytotoxic
function restored, potentially conferring more significant
clinical survival benefits compared to the low‑risk population.
In contrast, the PANcluster 2/low‑PANscore group retains
functional immune infiltration and normal expression of
immune checkpoints, representing an immune "hot" microen-
vironment, and may benefit from ICI therapy or combined
chemotherapy. Of course, the conclusions of this study are still
based on bioinformatics analyses and retrospective validation
using public datasets; the predictive value of our findings
requires further verification and consolidation through pro-
spective cohorts, larger independent samples, and in vitro/in
vivo experiments.
To further elucidate the immunological characteristics of
PANoptosis‑related genes in KIRC, we performed a pan‑cancer
analysis. This study revealed a broad negative correlation
between PANscore and immune cell infiltration across 32
cancer types, indicating that the inhibitory effect of PANoptosis
on the tumor immune microenvironment is conserved across
cancers. We evaluated immune cell infiltration in 32 cancer
types using seven different algorithms. The analysis revealed
that PANscore was significantly negatively correlated with
CD8⁺ T cells, CD4⁺ T cells, γδ T cells, Tregs, Tfh cells, B cells,
NK cells, macrophages, M1 macrophages, monocytes,
neutrophils, and dendritic cells, whereas it was significantly
positively correlated with M0 and M2 macrophages, suggesting
that PANoptosis substantially influences the tumor immune
microenvironment across a wide range of cancers. Different
deconvolution algorithms are based on distinct principles
(support vector regression, linear least squares, constrained
quadratic programming, marker gene enrichment, etc.) as well
as different reference gene sets or cell type definitions. A single
algorithm is prone to limitations imposed by its prior assump-
tions, which may lead to underestimation or overestimation of
certain immune subsets. To overcome systematic biases in-
herent in individual tools, we adopted a "multi‑tool consensus"
strategy: multiple mainstream algorithms were run in parallel,
and then the average or the first principal component of the
estimates from each algorithm was used as the immune
infiltration signature for subsequent analyses. This approach has
been widely adopted in immuno‑oncology studies and
effectively enhances the robustness and biological reliability of
infiltration estimates. The results revealed a significant negative
correlation between the high‑PANscore group and the majority

of immune cell types, suggesting that PANoptosis may regulate
the immune system in KIRC, and that a high PANscore may
indicate an immune evasion state, thereby increasing resistance
to immunotherapy. The above immune‑related trends were most
pronounced in the KIRC training cohort, while their extent in
other cancer types may be modulated by tissue‑specific
oncogenic drivers and local stromal components, indicating
potential inter‑cancer heterogeneity in the interaction between
PANoptosis and the tumor microenvironment. Given that
currently there is no uniformly processed pan‑cancer immuno-
therapy transcriptomic dataset that matches the specific
PANscore formula used in this study, we have not performed
explicit stratification by immunotherapy response. However,
based on the immune features observed in the KIRC cohort, we
conceptually discuss how this immunologically dysfunctional
phenotype may theoretically predict poor responses to immune
checkpoint inhibitors, thereby providing a framework for future
validation across various cancer types.To evaluate the prog-
nostic accuracy of PANoptosis‑related genes in KIRC, this
study compared three traditional machine learning algorithms—
LASSO regression, random forest, and SVM‑RFE—with CNN.
The results demonstrated that CNN achieved an AUC of 0.96 on
the test set, significantly outperforming LASSO (AUC = 0.630),
random forest (AUC = 0.587), and SVM‑RFE (AUC = 0.601).
This advantage stems from CNN's deep learning capability,
which enables automatic extraction of complex data features
and learning of hierarchical structures, effectively capturing
non‑linear relationships and high‑order interactions among
genes.
The application of CNN to genomic data requires careful consi-
deration. Genomic data are inherently one‑dimensional vectors;
however, genes are involved in complex co‑expression
networks and pathway regulatory relationships, and their
expression patterns are not mutually independent. To fully
leverage CNN's local receptive fields and parameter‑sharing
mechanisms, we performed an outer product operation between
the expression profiles of the 7 core genes and the infiltration
abundances of 10 immune cell types for each sample,
constructing a 19 × 10 two‑dimensional feature matrix to
characterize the weighted activity of genes under specific
immune contexts. This heatmap input was generated by sample‑
wise independent computation, without any cross‑sample
normalization, scaling, or feature selection, and without borrow-
ing any inter‑sample or cohort‑wide statistics throughout the
entire process. Heatmaps for the test set and training set were
constructed independently using the exact same procedure,
fundamentally eliminating the risk of data leakage.
The model was built using the Keras Sequential API, with an
input layer of size (19, 10, 1). The convolutional layer was
configured with 16 filters of 3 × 3 kernels (stride 1, same
padding, ReLU activation). After flattening, a fully connected
layer with 16 neurons (ReLU activation, dropout rate 0.3) was
added, followed by an output layer with 1 neuron (sigmoid
activation) to output the five‑year mortality probability. The
data were split into training and internal validation sets at an 8:2
ratio. Hyperparameters were optimized via random search
(search space including number and size of convolutional filters,
number of neurons in the fully connected layer, learning rate,
dropout rate, and batch size), with the optimal combination
determined by maximizing the AUC on the validation set.
Within the training set, 10‑fold cross‑validation was imple-
mented, and multiple regularization strategies were applied
(dropout rate = 0.3, L2 regularization λ = 0.001, early stopping
monitoring validation loss with a patience of 15 epochs) to
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ensure that the model captured genuine prognostic patterns
rather than noise in the training data.
CNN integrates two orthogonal data modalities—gene expres-
sion and immune infiltration—into a structured spatial matrix,
enabling detection of local correlated expression patterns and
immune infiltration features that are difficult to identify using
traditional linear or tree‑based models. All 7 core genes were
stringently screened by univariate Cox regression and LASSO
regression, demonstrating strong relevance to programmed cell
death and robust prognostic predictive performance, with
inherently high signal strength. The fact that traditional models
performed modestly while CNN excelled precisely reflects its
efficient utilization of combined gene‑immune information. In
this study, the algorithm comparison has an inherent methodo-
logical limitation. Traditional machine learning models (LASSO,
RF, and SVM-RFE) were trained on gene expression data alone,
whereas the CNN model was constructed on a composite matrix
combining gene expression and immune infiltration abundance.
Thus, the input feature spaces differed between the two
approaches, making the comparison not strictly equivalent. The
apparently superior performance of CNN may therefore be
partly attributable to its access to multimodal features rather
than to its network architecture per se. Future studies using
identical input features and larger independent cohorts are
needed to determine whether CNN truly offers architectural
advantages.

Nevertheless, we fully recognize that the current independent
validation set has a limited sample size, and the robustness of
the high AUC still requires confirmation in larger cohorts. To
this end, we plan to prospectively expand the multi‑center
independent cohort (target n ≥ 200) and evaluate the predictive
stability of the model at different follow‑up time points through
nested cross‑validation combined with time‑dependent ROC
analysis. Furthermore, we will assess the consistency of prog-
nostic discrimination in subgroup analyses stratified by different
TNM stages, pathological grades, and immunotherapy response
statuses. In addition, we will validate model performance across
different sequencing platforms (RNA‑seq and microarray) as
well as in cross‑population cohorts of diverse ethnic origins, to
systematically confirm its cross‑platform robustness and gene-
ralizability, and comprehensively evaluate its clinical applica-
bility.
Compared with alternative deep learning architectures, fully
connected networks (FCNs) treat each gene–immune cell pair as
an independent feature, potentially missing local correlations;

Transformer- based models, although powerful, require larger
sample sizes for effective training. Given the current sample
size constraints, CNN represents a practical solution that
balances feature extraction efficacy and computational feasi-
bility. In the future, with larger cohorts, Transformer- based
architectures and explainable artificial intelligence approaches
should be further explored to gain deeper insights into the key
gene–immune interaction patterns underlying CNN decisions
and to enhance the biological interpretability of the model.
To evaluate the prognostic accuracy of PANoptosis- related
genes in KIRC, three machine learning algorithms and CNN
were employed. The results showed that CNN surpassed
LASSO, RF, and SVM+RFE in terms of accuracy. This advan-
tage may be attributed to CNN's deep learning capability, which
enables automatic extraction of complex features from gene
expression data and learning of hierarchical data structures,
effectively capturing intricate gene interactions and biological
patterns. Furthermore, CNN's proficiency in processing image
data offers a potential advantage when analyzing the grid- like
structure of gene microarray data.

The major findings of this study provide a basis for several
highly translational research directions in future precision
therapy for KIRC. First, the identification of two distinct
PANoptosis patterns, particularly the immunotherapy‑sensitive
PANcluster 2, lays the foundation for developing novel mole-
cular classification systems. We propose conducting prospective
clinical trials to validate the utility of this classification in
guiding immunotherapy selection. Second, the prognostic pre-
dictive capability of the PANscore risk scoring system positions
it as a promising novel biomarker for patient stratification in
clinical trials, and its predictive efficacy warrants evaluation in
immunotherapy research. Third, the immune infiltration features
revealed by pan‑cancer analysis suggest that PANoptosis may
influence treatment response by modulating the tumor micro-
environment, providing a theoretical basis for developing
combination immunotherapy strategies, such as PD‑1 inhibitors
combined with PANoptosis modulators. Finally, the superior
performance of the CNN model supports the integration of deep
learning algorithms into future multi‑omics prognostic pre-
diction models. We anticipate that the next steps will involve
validating these findings in larger prospective cohorts and
exploring the molecular mechanisms of PANoptosis through
single‑cell sequencing and spatial transcriptomics technologies.
The ultimate goal is to translate biomarker discovery into
clinical application.

Conclusion
In conclusion, we identified two distinct PANoptosis patterns,
and in silico analyses suggested that PANcluster 2 may be
associated with a potentially more favorable predicted response
to immunotherapy; however, this finding is hypothesis-
generating and requires experimental and clinical validation.
We developed a PANscore based on three key genes—CASP4,
E2F1, and UNC5B—that may serve as a potential prognostic
biomarker and was associated with predicted immunotherapy
response in KIRC in our bioinformatics analyses. However,
these findings are based solely on bioinformatics analyses and
retrospective data from public databases. Until they are
validated by large-scale experimental studies using human
clinical specimens, animal models, and prospective cohorts,
PANscore should be regarded as a hypothesis-generating tool

and a potential prognostic biomarker, rather than a clinically
validated biomarker or a mature indicator ready to guide clinical
decision-making. Furthermore, to our knowledge, this study is
the first to report the immune characteristics of PANoptosis-
related mRNA genes in KIRC, conduct pan-cancer analysis, and
apply machine learning algorithms and convolutional neural
networks to evaluate the predictive accuracy of PANoptosis-
related genes for patient outcomes. Our findings suggest that
CNN may outperform three machine learning algorithms
(LASSO, RF, and SVM+RFE) in terms of accuracy in our
dataset; however, larger independent cohort studies are needed
to further validate the potential superior performance of the
CNN model.

Limitations and Future
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Perspectives
This study has several limitations. First, traditional machine
learning methods such as LASSO regression, random forest,
and SVM-RFE perform well in handling high- dimensional
genomic data but may fall short in capturing complex non-
linear relationships and deeper gene–gene interactions. These
methods rely on predefined feature selection and model
structures, which may not fully reveal the intricate patterns
embedded in genomic data. Second, although CNN demon-
strates powerful capabilities in processing image and sequence
data, its application to genomic data still faces challenges.
Genomic data are far more complex than image data, and CNN
may require larger datasets and more sophisticated network
architectures to adequately learn interactions among genes.
Third, this study is based solely on bioinformatics analyses
without experimental validation, which limits a deeper under-
standing of the model's predictive results and confidence in its
clinical application. Future research should expand dataset sizes,
perform experimental validation, and adopt more advanced
methods to address confounding factors and data noise, thereby
enhancing model accuracy and reliability.
Specifically, the following limitations are acknowledged: First,
this study is retrospective in design, relying solely on tran-
scriptomic data from public databases without incorporating
independent prospective cohorts. Heterogeneity exists between
TCGA and GEO data in terms of acquisition platforms, batch
effects, and clinical handling; although corrections were applied,
this may still affect model generalizability. Second, immune cell
infiltration abundances were estimated using deconvolution
algorithms, which are indirect inferences rather than direct
quantification by gold- standard methods such as flow cytome-
try or immunohistochemistry. Moreover, although the CNN
strategy of expanding one- dimensional expression data into a
two- dimensional matrix via outer product can capture interac-
tion features, its biological interpretability requires further
investigation. Third, traditional machine learning approaches,
including LASSO, random forest, and SVM-RFE, depend on
predefined feature selection and model architectures, limiting
their ability to capture complex non- linear relationships; while
CNN can automatically extract high- order features, its
application to genomic data remains challenging and requires
larger datasets and more complex architectures to fully learn
gene- gene interactions. Fourth, although the CNN model
exhibited excellent discriminative performance on the inde-
pendent test set, the validation cohort sample size is limited with
insufficient statistical power, and the robustness of the high
AUC still requires verification in larger external cohorts.
Additionally, the construction of PANscore involved multiple
between- group comparisons and model iterations without
systematically reporting details of multiple- testing correction,
posing a risk of false positives. Finally, the current study lacks
in vivo and in vitro functional experiments to validate the causal
roles of key PANoptosis genes in KIRC progression, and the
potential of the PANscore and CNN model for guiding clinical
immunotherapy needs confirmation through prospective clinical
trials. Furthermore, direct application of the KIRC- derived
model in pan- cancer analyses is subject to cancer- type- specific
limitations, and independent large- scale cohort re- training and
calibration are required for each cancer type.
Future research will be deepened in the following directions:
First, we will expand the independent validation sample size by
collecting KIRC patient specimens through multi- center pros-
pective cohorts, using nested cross- validation, and conducting

stratified validation across different TNM stages, pathological
grades, and immunotherapy response statuses, combined with
time- dependent ROC analysis to assess model stability at dif-
ferent follow- up time points, thereby systematically confirm-
ing the model's generalizability and clinical applicability.
Second, we will integrate single- cell RNA sequencing, spatial
transcriptomics, and proteomics technologies to resolve, at
single- cell resolution, the cell- type- specific expression of
PANoptosis genes and their interaction networks within the
tumor microenvironment, and employ explainable artificial
intelligence approaches to uncover the key gene–immune inter-
action patterns underlying CNN decisions. Third, we will
combine in vitro and in vivo experimental models to rigorously
validate the causal regulatory roles of core PANoptosis genes in
KIRC development and progression, and further explore their
feasibility as potential therapeutic targets. Fourth, we will
conduct prospective clinical studies to evaluate the predictive
value of PANscore- based stratification for immune checkpoint
inhibitor efficacy and postoperative recurrence risk, advancing
the translation of PANoptosis signatures from biomarkers to
precision diagnostic and therapeutic strategies.
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