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Highlights

* CellDeathAnalysis curates gene sets for 14 regulated cell death pathways In brief
in 1 R package.

* Crosstalk-aware scoring reduces inter-pathway correlation redundancy by
up to 40%.

» Pan-cancer analysis of 2704 samples reveals pathway-specific dysregula-
tion patterns.

e Cell death subtypes show significant prognostic associations across four
cancer types.

* Open-source tool with interactive dashboard for exploratory pathway
analysis.

Overview of the CellDeathAnalysis
workflow. Input: bulk RNA-seq data are
processed into gene expression matrices.
Pathway scoring: 14 curated regulated
cell death pathway gene sets are used
with the crosstalk-aware scoring method,
which reduces inter-pathway correla-
tion redundancy through IDF weighting
and residual debiasing. Subtype classi-
fication: consensus clustering identifies
distinct cell death subtypes within each
cancer type. Output: the package enables
pathway activity quantification, subtype
discovery, survival analysis, enrichment
analysis, and generates publication-ready
visualizations through an interactive
Shiny application.
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Cell Death Analysis: A Comprehensive
R Package for Multi-pathway Cell Death

Analysis in Transcriptomic Data

Keran Sun'?32, Keqi Jia*?, Yunze Niu%2, Hongru Li%, Yuxuan Song®, Hao Chi’, Jingyuan Ning®* and Fei Yin'*

Abstract

Background: Cell death pathways have crucial roles in cancer development, immune responses, and disease
progression. With the discovery of 14 distinct types of regulated cell death, there is a critical need for inte-
grated analytical tools that can simultaneously evaluate multiple cell death pathways in transcriptomic data.
Methods: We developed CellDeathAnalysis (v0.4.0), an R package providing a unified framework
for analyzing 14 cell death pathways in bulk RNA-seq data. The package introduces two novel algo-
rithms: Crosstalk-Aware Pathway Scoring, which uses gene specificity weighting (inverse document
frequency-inspired) and residual debiasing to reduce redundancy from inter-pathway gene overlap; and
Cell Death Subtype Classification, which uses consensus clustering on pathway score profiles to iden-
tify biologically meaningful patient subtypes. The package integrates curated gene sets from FerrDb,
MSigDB, KEGG, and the primary literature, and implements multiple scoring methods (z-score, ssGSEA,
GSVA, and AUCell, and the novel crosstalk-aware method), survival analysis, enrichment analysis, and
publication-ready visualizations.

Results: By applying CellDeathAnalysis to 2704 The Cancer Genome Atlas (TCGA) samples across four
cancer types (BRCA, LUAD, LIHC, and STAD), the crosstalk-aware method reduced inter-pathway corre-
lation (mean reduction = 0.69) compared to z-score scoring. The disulfidptosis score in LUAD exhibited a
significant survival association (HR =2.19, P_adj = 0.037). Consensus clustering identified clinically mean-
ingful subtypes in LIHC (P = 0.017) and STAD (P = 0.028).

Conclusions: CellDeathAnalysis provides the first dedicated toolkit for multi-pathway cell death analysis
with novel crosstalk-aware scoring and subtype classification capabilities. The package addresses the crit-
ical challenge of gene overlap between cell death pathways and enables discovery of clinically meaningful
patient subtypes.

Keywords

Cancer genomics, cell death, consensus clustering, crosstalk-aware, cuproptosis, ferroptosis, pathway scoring,
R package, survival analysis, transcriptomics.

Introduction

Programmed cell death is fundamental to
development, tissue homeostasis, and dis-
ease pathogenesis. While apoptosis has
long been recognized as the canonical
form of programmed cell death, recent
discoveries have revealed a remarkably
diverse landscape of regulated cell death
mechanisms, including ferroptosis [1],
necroptosis [2], pyroptosis [3], cuproptosis
[4], disulfidptosis [5], autophagy-dependent
death, netosis, parthanatos, entosis, oxeip-
tosis, alkaliptosis, and lysosome-dependent
cell death (LDCD) [6-8]. These 14 distinct
cell death pathways represent sophisti-
cated biological programs with profound
implications for cancer biology, immune
regulation, and therapeutic responses
[9-11].

The availability of large-scale transcrip-
tomic datasets, particularly from TCGA
and single-cell RNA sequencing studies,
provides unprecedented opportunities to
investigate cell death pathway activity
across cancer types. However, a critical
analytical challenge has been largely over-
looked; cell death pathways share a sub-
stantial number of genes. For example,
CASPS8 participates in apoptosis, pyropto-
sis, necroptosis, and PANoptosis, GPX4 is
shared between ferroptosis and autophagy,
and the BCL2 family functions in both
apoptosis and necroptosis. This gene over-
lap creates redundancy in pathway scores,
making it difficult to determine which
pathway is truly active in a given sample.

Several R packages exist for gene set
enrichment analysis (e.g., clusterProfiler
[12] and GSVA [13]) and survival analysis
(e.g., survival and survminer). However,
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these general-purpose tools require users to independently
assemble gene sets, configure scoring pipelines, and inter-
pret results within the specific biological context of cell
death. No existing tool addresses the fundamental challenge
of gene overlap between cell death pathways or provides a
dedicated framework for identifying cell death-based patient
subtypes.

CellDeathAnalysis is a comprehensive R package specif-
ically designed for analyzing cell death pathways in tran-
scriptomic data. The package provides for the following:
(1) curated gene sets for 14 types of regulated cell death;
(2) a novel Crosstalk-Aware Pathway Scoring algorithm
that reduces redundancy from shared genes using specificity
weighting and residual debiasing; (3) a Cell Death Subtype
Classification module that identifies clinically meaningful
patient subtypes based on pathway activity profiles; (4) multi-
ple scoring methods, including z-score, ssGSEA, GSVA, and
AUCell; (5) integrated survival and enrichment analysis; and
(6) publication-ready visualizations through both program-
matic functions and an interactive Shiny web application.

Methods

Gene set curation

We systematically curated gene sets for 14 distinct cell
death pathways through comprehensive literature review
and integration of multiple authoritative databases. Gene
sets were compiled from FerrDb V3 (ferroptosis) [https:/
www.zhounan.org/ferrdb/], MSigDB, KEGG, and primary
literature. Each gene set was categorized into “core” genes
(well-established pathway components) and “extended”
genes (regulators and associated factors). Gene symbols
follow the HUGO Gene Nomenclature Committee nomen-
clature. The 14 cell death pathways included are as follows:
ferroptosis; cuproptosis; disulfidptosis; pyroptosis; necropto-
sis; apoptosis; autophagy; PANoptosis; netosis; parthanatos;
entosis; oxeiptosis; alkaliptosis; and lysosome-dependent
cell death (LDCD). Simplified gene sets containing core
genes only were used for pan-cancer analysis (12 pathways;
alkaliptosis and LDCD were excluded due to insufficient
gene coverage with < 5 core genes each).

Pathway scoring methods

The CellDeathAnalysis framework integrates six distinct
pathway scoring algorithms to quantify cell death path-
way activity from transcriptomic profiles. First, the Z-score
method (default) performs per-sample Z-score normalization
of gene expression followed by averaging normalized values
across pathway member genes, offering high computational
efficiency and robustness to expression outliers. Second, the
mean/median expression method calculates pathway activity
by simple arithmetic averaging or median aggregation of raw
expression levels of pathway genes. Third, single-sample
Gene Set Enrichment Analysis (ssGSEA) implemented

via the GSVA package generates pathway enrichment scores
independent of predefined sample grouping. Fourth, Gene Set
Variation Analysis (GSVA) was adopted as a non-parametric
and unsupervised approach to estimate the variation in cell
death pathway activity across individual samples. Fifth, the
AUCell algorithm leverages area under the curve-based gene
ranking, which is particularly suitable for pathway activity
evaluation in single-cell transcriptomic data.

Of note, we developed a novel Crosstalk-Aware Scoring
method to resolve the inherent limitation of conventional
scoring strategies in multi-pathway cell death analysis. A
major analytical challenge lies in extensive gene overlap
among distinct cell death pathways. For example, CASPS
is involved in apoptosis, pyroptosis, necroptosis, and
PANoptosis, whereas GPX4 is shared by ferroptosis and
autophagy. Traditional independent pathway scoring leads
to inflated activity scores and redundant biological signals
due to repeated counting of shared genes across multiple
pathways. The proposed Crosstalk-Aware Scoring algorithm
corrects such cross-pathway interference via two sequential
steps. Inspired by the inverse document frequency (IDF)
concept from information retrieval, we assigned each gene
a specificity weight based on how many pathways it belongs
to, as follows:

weight(g) = log2(N/n_g)+1,

where N is the total number of pathways and n_g is the num-
ber of pathways containing gene, g. Genes unique to a single
pathway receive the highest weight (e.g., a gene in 1 path-
way: weight = 4.81), while genes shared across many path-
ways receive lower weights (e.g., GPX4, shared between
ferroptosis and autophagy: weight = log2(14/2) + 1 = 3.58;
a gene in 8 pathways: weight = 1.81). The pathway score is
then calculated as a weighted mean, as follows:

SW_score(P, sample) = X[weight(g) expr(g, sample)]/
X[ weight(g)],

where the sum is over genes in pathway P that are present in
the expression data.

After specificity weighting, each pathway score may still
correlate with the overall activity of other cell death pro-
cesses. We removed this confounding by regressing each
pathway score on the mean score of all other pathways and
using the residual as the final crosstalk-adjusted score, as
follows:

crosstalk score(P) = residual[SW_score(P) ~ mean
(SW_score(other pathways))].

This residual represents the pathway-specific signal after
removing cross-pathway confounding effects.

Cell death subtype classification

We developed a consensus clustering-based method to clas-
sify samples into distinct cell death subtypes based on the
pathway activity profiles. The algorithm operates in three
steps.
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Consensus clustering was performed on the pathway score
matrix for each k from 2 to 8 (samples x pathways) using
hierarchical clustering with Ward’s linkage and Pearson
correlation distance. At each iteration, 80% of samples are
randomly subsampled and clustered, and the co-assignment
frequency was recorded across 1000 re-samplings. The
resulting consensus matrix captures the stability of sample
groupings.

The optimal number of clusters is determined using the
cumulative distribution function area change method. We
computed the area under the empirical cumulative distri-
bution function of consensus matrix values for each k and
selected the k where the delta area first dropped below 0.05,
which indicated diminishing returns from additional clusters.

Each cluster was named based on the dominant path-
way(s). The top two pathways for each subtype were iden-
tified by mean score. If the difference between the top two
scores exceeded 0.3, the subtype was named after the dom-
inant pathway (e.g., “ferroptosis-dominant”). Otherwise,
the subtype was named as a mixed type (e.g., “mixed
[PANoptosis + pyroptosis]”). Kruskal-Wallis tests were also
performed with the Benjamini-Hochberg FDR correction to
identify differentially active pathways between subtypes.

Survival analysis

The survival analysis module implements the following
three complementary approaches: Kaplan-Meier analysis
with log-rank testing, stratifying samples by pathway score
(median split); Cox proportional hazards regression using
continuous pathway scores as predictors; and subtype-based
survival analysis comparing overall survival across cell death
subtypes using log-rank tests with pairwise comparisons.
All P-values were adjusted for multiple testing using the
Benjamini-Hochberg method. Hazard ratios (HRs) and 95%
confidence intervals were reported for Cox regression results.

Software implementation

CellDeathAnalysis v0.4.0 was implemented in R (version >
4.0.0) and followed best practices for R package development.
The package is available at https://github.com/keransun/
CellDeathAnalysis under the MIT license. Documentation
includes vignettes, function-level help pages, and an interac-
tive Shiny web application. Required dependencies include
survival, survminer, and ggplot2. Optional packages for
extended functionality include GSVA, AUCell, Seurat, ran-
domForest, and glmnet.

Results

Gene set characteristics

The CellDeathAnalysis package provides curated gene
sets for the 12 cell death pathways used in the pan-cancer

analysis (Figure 1A). Gene set sizes range from 8 genes
(oxeiptosis) to 112 genes (apoptosis) with a median of 26
genes per pathway. The gene sets include both “core” genes
(well-established pathway components) and “extended”
genes (regulators and associated factors) with core genes
comprising 40-80% of each pathway gene set (Figure 1B).

A critical feature of the cell death landscape is the sub-
stantial gene overlap between pathways (Figure 1C). Of the
12 pathways analyzed, 153 unique genes are represented but
many genes participate in multiple pathways. For example,
CASPS8 is shared among apoptosis, pyroptosis, necroptosis,
and PANoptosis, GPX4 is shared between ferroptosis and
autophagy, and the BCL2 family members function in both
apoptosis and necroptosis. This overlap creates a mean of
8.3 shared genes per pathway pair with the highest over-
lap between apoptosis and necroptosis (32 shared genes).
The timeline of pathway discovery (Figure 1D) illustrates
the rapid expansion of the cell death field, with 7 of the
12 pathways discovered or redefined since 2012, including
the most recent additions (cuproptosis, disulfidptosis, and
0xeiptosis).

Method validation: crosstalk-aware
scoring reduces inter-pathway
redundancy

We applied CellDeathAnalysis to TCGA data for four cancer
types with matched tumor-normal pairs, totaling 2704 sam-
ples: BRCA (1118 tumors; 113 normal); LUAD (542 tum-
ors; 59 normal); LIHC (374 tumors; 50 normal); and STAD
(412 tumors; 36 normal). Pathway activity scores were com-
puted for 12 cell death pathways across all samples using the
novel crosstalk-aware scoring method.

The crosstalk-aware scoring method was compared
to standard z-score scoring across all cancer types and
pathways for validation. Scatter plots of inter-pathway
correlations (Figure 2A) revealed that most point pairs
fell below the diagonal, indicating consistent correlation
reduction by the crosstalk method. A boxplot comparison
(Figure 2B) confirmed that the crosstalk method pro-
duces significantly lower absolute inter-pathway corre-
lations than z-score scoring. The heatmap of correlation
reduction (Figure 2C) revealed that the largest reduc-
tions occurred between pathway pairs with the most gene
overlap, which was consistent with the crosstalk method
design. Spearman correlations between the two methods
ranged from 0.32-0.75 across pathways when stratified
by cancer type (Figure 2D), confirming that the crosstalk
method produces genuinely different scores rather than
simple rescaling of z-scores.

The key advantage of the crosstalk method is demon-
strated by the inter-pathway correlation structure. The
z-score method produced substantial positive correlations
between pathways due to shared genes (e.g., ferropto-
sis-apoptosis correlation = 0.42). The crosstalk method
significantly reduced these correlations with a mean
absolute correlation reduction of 0.69 (Figure 2B). This
finding indicated that the crosstalk method successfully
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isolated pathway-specific signals from the confounding
effects of gene overlap.

Pan-cancer pathway dysregulation

The pan-cancer dumbbell plot of tumor versus normal cross-
talk-aware pathway score differences (Figure 3A) revealed
cancer-type-specific pathway activity patterns. LIHC and
STAD show higher ferroptosis and oxeiptosis scores, while
BRCA is characterized by elevated panoptosis and pyrop-
tosis activity. LUAD shows a more homogeneous pattern
across pathways.

Tumor versus normal comparison using Wilcoxon
rank-sum tests (Figure 3B) identified 28 significant path-
way-cancer associations (FDR < 0.05) using the cross-
talk-aware method compared to 37 using standard z-score
scoring. This reduction was expected and reflects the abil-
ity of the crosstalk method to remove redundant signals
from shared genes. Notable differences included netosis in
LUAD (score difference = —0.49, tumor lower than nor-
mal) and parthanatos in LUAD (score difference = 0.28,
tumor higher than normal). Ferroptosis remained the most
frequently dysregulated pathway and was significantly
upregulated in BRCA, LIHC, and STAD (Figure 3C).
Case studies of the top significant associations (Figure 3D)

illustrated the clear separation between tumor and normal
samples for key pathway-cancer pairs.

Survival analysis

The prognostic value of crosstalk-aware pathway scores was
evaluated using Cox proportional hazards regression across
four cancer types (48 tests total: 4 cancers x 12 pathways). The
forest plot (Figure 4A) showed HRs and 95% Cls for all can-
cer-pathway combinations with significance levels indicated
by point shape. One association reached statistical signifi-
cance after the Benjamini-Hochberg correction (disulfidptosis
score in LUAD: HR = 2.19, 95% confidence interval: 1.39-
3.46, P_adj = 0.037, FDR < 0.05). The Kaplan-Meier curve
confirmed that LUAD patients with high disulfidptosis scores
had significantly worse overall survival (Figure 4B). Three
additional associations showed marginal significance (P_adj <
0.1), as follows: panoptosis in BRCA (HR = 0.40, protective);
oxeiptosis in LIHC (HR = 1.93, adverse); and entosis in STAD
(HR =2.91, adverse). Ranking of the most clinically relevant
survival associations by llog2(HR)! (Figure 4C) highlighted
that disulfidptosis in LUAD was the strongest prognostic sig-
nal, followed by entosis in STAD.

The relatively low number of significant survival asso-
ciations is consistent with the crosstalk method design.

K. Sun et al.: DOI: 10.15212/bioi-2026-0046
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By removing redundancy from shared genes, the crosstalk
method design produced more conservative estimates that
were less prone to false-positive results. The surviving sig-
nificant association (LUAD disulfidptosis) represents a
higher-confidence finding after controlling for cross-pathway
confounding. The HR of 2.19 indicated that patients with
high disulfidptosis scores had more than a 2-fold increased
risk of death compared to low-score patients, suggesting that
disulfide stress-induced cell death has a clinically relevant
role in LUAD progression.

Cell death subtype classification

The cell death subtype classification algorithm was applied
to tumor samples from each cancer type. The consensus
clustering analysis identified 56 distinct subtypes per can-
cer type: BRCA (k = 6); LUAD (k = 6); LIHC (k = 5); and
STAD (k = 6; Figure 5A).

For example, the six subtypes in BRCA are: (C1) mixed
(PANoptosis + pyroptosis), n = 222; (C2) mixed (oxeiptosis +
ferroptosis), n = 191; (C3) mixed (entosis + disulfidptosis),
n = 121; (C4) mixed (necroptosis + parthanatos), n = 117;
(C5) mixed (autophagy + disulfidptosis), n = 272; and (C6)
mixed (netosis + pyroptosis), n = 109. The dominance of
mixed subtypes reflected the biological reality that multiple
cell death pathways are often co-activated.

Survival analysis of the identified subtypes revealed sig-
nificant clinical relevance (Figure 5A). The five subtypes
showed significantly different overall survival in LIHC
(log-rank P = 0.017) with the oxeiptosis + ferroptosis sub-
type (C4) exhibiting a significantly worse prognosis than
the apoptosis + necroptosis subtype (C5; pairwise P_adj
= 0.030). The six subtypes also showed significant sur-
vival differences in STAD (log-rank P = 0.028) with the
PANoptosis + pyroptosis subtype (C4) showing significantly
better survival than three other subtypes (entosis + disulfidp-
tosis, netosis + pyroptosis, and pyroptosis + necroptosis; all
pairwise P_adj = 0.035). BRCA showed a marginally sig-
nificant trend (P = 0.098), while LUAD subtypes did not
show significant survival differences (P = 0.460).

The coefficient of variation analysis revealed substantial
heterogeneity in pathway activity within each cancer type
(Figure 5B) with disulfidptosis and entosis showing the
highest variability across all four cancers, suggesting that
these pathways contributed most to inter-patient differences.
These results demonstrated that cell death subtypes cap-
tured clinically meaningful biological variation that was not
apparent from individual pathway scores alone.

The multi-dimensional clinical impact analysis (Figure
5C) highlighted that disulfidptosis in LUAD (HR = 2.19,
P_adj =0.037) was the only association surviving FDR cor-
rection, while three additional associations (panoptosis in
BRCA, oxeiptosis in LIHC, and entosis in STAD) showed
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marginal significance (FDR < 0.1). Notably, the scatter plot
of the tumor-normal score difference versus the HR (Figure
5D) revealed that pathways with larger dysregulation effects
doid not necessarily have a stronger prognostic impact, sug-
gesting that pathway dysregulation and survival relevance
are partially decoupled.

Enrichment analysis

Gene set enrichment analysis was performed using the dif-
ferentially expressed genes between high- and low-scoring
samples for each pathway to identify biological processes
associated with cell death pathway activity (Figure 6A).
Samples were stratified into high and low groups based
on the median crosstalk-aware score for each pathway
and differentially expressed genes were identified using
the Wilcoxon rank-sum test (FDR < 0.05, [log2FCI| > 1).
The aggregated results across all cancers are shown in the
volcano plot (Figure 6B), where each point represents
one pathway, the x-axis shows the mean log2 fold-change
across cancers, the y-axis shows the significance level, and
point size indicates the number of cancers with significant
differential activity.

Enrichment analysis using MSigDB Hallmark gene sets
revealed that ferroptosis-high samples were enriched for oxi-
dative stress and reactive oxygen species pathways, while
apoptosis-high samples showed enrichment in p53 signal-
ing and DNA damage response pathways. Necroptosis-high
samples were strongly enriched for inflammatory response
and TNF-alpha signaling via NF-kB, which was consist-
ent with the role of necroptosis in inflammatory cell death
(Figure 6C). Pyroptosis-high samples showed enrichment in
interferon-gamma response and IL-6/JAK/STAT3 signaling,
which reflected the inflammatory nature of pyroptotic cell
death (Figure 6C).

Pathway-specific enrichment patterns vary across can-
cer types. PANoptosis-high samples were enriched for
epithelial-mesenchymal transition and angiogenesis path-
ways in BRCA, suggesting a link between panoptotic cell
death and tumor invasion. Ferroptosis-high samples show
enrichment in bile acid metabolism and fatty acid metabo-
lism pathways in LIHC, which was consistent with the liver’s
metabolic functions and the known role of lipid peroxida-
tion in hepatocyte ferroptosis. These enrichment patterns
provided the biological context for the pathway scores and
suggested potential mechanisms underlying the observed
cancer-type-specific cell death profiles (Figure 6D).
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Discussion

CellDeathAnalysis addresses several critical gaps in the
current landscape of transcriptomic analysis tools for cell
death research. While individual cell death pathways have
been extensively studied (ferroptosis [1], cuproptosis [4],
disulfidptosis [5], pyroptosis [14], necroptosis [2], and
apoptosis [15]) no existing tool provides a unified frame-
work for simultaneously analyzing multiple cell death
pathways while accounting for the fundamental challenge
of inter-pathway gene overlap. The recent expansion of the
regulated cell death landscape to include 14 distinct modal-
ities [16] has made this gap increasingly urgent because
researchers must now navigate a complex web of overlap-
ping molecular mechanisms.

The Crosstalk-Aware Pathway Scoring algorithm repre-
sents the first computational method specifically designed
to address gene sharing between cell death pathways. The

biological basis for this approach is well-established. Key
regulatory genes, such as CASPS, simultaneously partici-
pate in apoptosis, pyroptosis, necroptosis, and PANoptosis,
while GPX4 functions in ferroptosis and autophagy [17] and
BCL2 family members regulate apoptosis and necroptosis.
Traditional scoring methods, including z-score normaliza-
tion, ssGSEA [18], and GSVA [13], treat pathways as inde-
pendent entities, ignoring inter-pathway gene overlap and
thereby inflating scores for pathways that share common
genes. Our IDF-inspired specificity weighting addressed
this by down-weighting genes in proportion to the num-
ber of pathways the genes participate in, analogous to how
inverse document frequency down-weights common words
in text mining [19]. The subsequent residual debiasing step
further removes cross-pathway confounding, producing
scores that reflect pathway-specific activity. The mean inter-
pathway correlation reduction of 0.69 demonstrates that this
approach successfully disambiguates shared signals from
pathway-specific signals.
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The Cell Death Subtype Classification module builds
on the well-established framework of consensus clustering
[20], which has been widely used for cancer subtype dis-
covery in TCGA pan-cancer studies [21, 22]. Our appli-
cation of this framework to cell death pathway activity
profiles is novel and addresses a limitation of traditional
single-pathway dichotomization (high/low), which fails to
capture the combinatorial complexity of cell death regula-
tion. The identification of clinically meaningful subtypes
in LIHC (P = 0.017) and STAD (P = 0.028) validates the
biological relevance of this classification. Notably, the
dominance of mixed subtypes (e.g., “mixed (PANoptosis
+ pyroptosis)”) across all four cancer types reflects the
biological reality that cell death pathways are not mutually
exclusive but rather operate as interconnected networks.
The PANoptosis concept, which describes the coordinated
activation of pyroptotic, apoptotic, and necroptotic machin-
ery through the PANoptosome complex, provides a mech-
anistic framework for understanding these mixed subtypes.

Our pan-cancer analysis revealed several notable biolog-
ical patterns. Ferroptosis emerged as the most frequently
dysregulated pathway and was significantly upregulated
in BRCA, LIHC, and STAD, which is consistent with the
growing recognition of ferroptosis as a key mechanism in
cancer biology [23]. The selective upregulation of specific

pathways in different cancer types suggested tissue-specific
remodeling of cell death mechanisms during tumorigenesis.
For example, the enrichment of ferroptosis-high LIHC sam-
ples in bile acid and fatty acid metabolism pathways is con-
sistent with the liver’s metabolic functions and the known
role of lipid peroxidation in hepatocyte ferroptosis [24].
The significant prognostic value of disulfidptosis in LUAD
(HR =2.19, P_adj = 0.037) highlights the clinical relevance
of this recently discovered pathway, which is triggered by
disulfide stress in cells with high SLC7A11 expression and
glucose deprivation.

The comparison with existing tools merits discussion.
General purpose gene set analysis tools, such as clusterPro-
filer [25], GSVA [13], and Gene Set Enrichment Analysis
[26], provide robust frameworks for enrichment analysis
but require users to independently assemble cell death gene
sets and do not address pathway-specific challenges, such as
gene overlap. FerrDb provides curated ferroptosis gene sets
but does not cover other cell death types. Single-cell tools,
such as AUCell [27] and irGSEA [12], are designed for sin-
gle-cell data and do not address the bulk RNA-seq analysis
workflow that remains the standard for clinical transcrip-
tomic studies. CellDeathAnalysis fills this niche by provid-
ing a dedicated, integrated framework with novel algorithms
specifically designed for multi-pathway cell death analysis.
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showing the proportion of cancers with concordant up- or down-regulation; pyroptosis and netosis show 100% consistent downregulation,

while ferroptosis shows 67% consistent upregulation.

Several limitations should be acknowledged. First, gene
sets for recently discovered pathways (alkaliptosis, n =
7; oxeiptosis, n = 11) are relatively small and inevitably
incomplete, reflecting the early stage of research on these
pathways. We excluded alkaliptosis and LDCD from the
pan-cancer analysis due to insufficient gene coverage (< 5
core genes), which limits our ability to draw conclusions
about these pathways. Second, the crosstalk-aware method
produces residual scores centered around zero, which may
be less intuitive than raw enrichment scores. We recom-
mend using crosstalk scores for comparative analyses
(e.g., tumor vs. normal, survival analysis) rather than
absolute thresholding. Third, the current package focuses
on bulk transcriptomic data and does not incorporate pro-
teomic, metabolomic, or epigenomic information, which
may capture post-transcriptional regulation of cell death
pathways [28]. Fourth, while our consensus clustering
approach produced stable subtypes, the optimal k selec-
tion was inherently subjective and may vary with different
datasets. Fifth, the survival analysis relied on TCGA over-
all survival data, which may not capture cancer-specific
mortality or recurrence-free survival endpoints.

Future development will focus on the following: (1)
expanding gene sets based on emerging literature, particu-
larly for newly discovered pathways, such as alkaliptosis and
LDCD; (2) implementing pathway network analysis to vis-
ualize regulatory relationships between cell death pathways,
building on recent work on cell death pathway crosstalk; (3)
adding spatial transcriptomics support to enable analysis of
cell death pathway activity in the tumor microenvironment
context [29]; (4) integrating multi-omic data (proteomics
and metabolomics) for more comprehensive pathway activ-
ity estimation [28]; and (5) developing drug response pre-
diction models based on cell death subtype classification,
which could guide personalized therapy selection based on
the dominant cell death pathway in a patient’s tumor.

Data availability statement

The CellDeathAnalysis R package is freely available at
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