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Background
Regulated cell death (RCD) is a sophisticated biological mechanism fundamentally dis-
tinct from accidental cell death (ACD). Historically, scientific interest in RCD traces 
back to 1842 when dying cells were first observed in toads, but the field dramatically 
expanded in 1972 with the introduction of the term apoptosis [1]. Unlike ACD, which 
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Abstract
Background  Regulated cell death (RCD) maintains cellular homeostasis and tissue 
integrity, playing a pivotal role in both health and disease. A variety of RCD subroutines 
have been identified, each characterized by distinct molecular and morphological 
features. These cell death modalities do not operate in isolation. Instead, they interact 
with one another in complex ways. This interaction leads to crosstalk through 
interconnected and often overlapping signaling pathways. Multiple forms of RCD can 
coexist within the same disease, influencing various cell types or even the same cell 
type either synchronously or sequentially. Understanding the intricate dynamics of RCD 
is of high importance. However, it is challenging to discern the relative contribution 
of various RCD modalities within the specific biological context. This necessitates the 
development of advanced methodologies to systematically analyze the priority of RCD 
pathways in various cellular environments.

Main  In the present study, we first created a manually curated collection of gene sets 
for 18 well-characterized RCD modes. We then estimated the significance of each RCD 
pathway by combining the results of seven gene set enrichment tests via the Tippet 
p-value combination approach. Afterward, the consensus of enrichment for each RCD 
pathway across tests was evaluated using robust rank aggregation. The priorities of 
RCD were subsequently resolved by considering both the combined p value and the 
consensus score. The reliability of the proposed approach was validated by applying 
it to explore the RCD modes in intracranial aneurysms. Finally, a user-friendly web 
application was created for researchers worldwide.

Conclusion  Our study offers a new way to reveal complicated RCD modalities in 
specific biological settings. The web server is freely accessible at ​h​t​t​p​s​:​/​/​w​w​w​.​z​h​o​u​n​a​n​
.​o​r​g​/​r​c​d​r​a​n​k​.​​
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results from uncontrolled injurious stimuli overwhelming cellular adaptive capaci-
ties, RCD represents a regulated form of cell death that can be modulated by specific 
genetic or pharmacological interventions [2]. RCD can either occur under physiologi-
cal conditions or result from disruptions in cellular homeostasis caused by intracellular 
or extracellular disturbances [3, 4]. The former functions as an intrinsic component of 
physiological processes and is also known as programmed cell death (PCD) [5].

RCD is essential for maintaining human health and homeostasis. It is crucial for 
organism development, immune system regulation, and cell number control. The capac-
ity for cells to self-eliminate in a controlled manner under specific conditions is vital for 
survival, as it prevents the propagation of harmful mutations and serves as an evolution-
ary strategy to maintain optimal cellular and tissue function [6]. Dysregulation of RCD 
can lead to severe health issues, including cancer, autoimmune diseases, and neurode-
generative disorders. For example, it is now evident that the first step in neuritic plaque 
formation in Alzheimer’s disease is neuronal degeneration driven by iron overload and 
ferroptosis [7]. NLRP12- and NLRC4-induced GSDMD-dependent pyroptosis contrib-
utes to the pathogenesis of dry eye disease accompanied by IL-33 processing [8]. MELK 
regulates the levels of cuproptosis-related gene to promote drug resistance, alter mito-
chondrial function, and ultimately promote hepatocellular carcinoma progression [9].

RCD encompasses diverse modalities with distinct molecular signatures and unique 
morphological changes. Despite these differences, these modalities are interconnected 
through shared regulatory components and overlapping signaling pathways [10]. Key 
signaling molecules are often pleiotropic. This characteristic enables crosstalk between 
different cell death mechanisms and creates interrelations among various RCD forms. 
Different RCD subroutines can be activated simultaneously or sequentially in response 
to cellular stress, and they may operate in parallel within the same cells or across dif-
ferent cell types [11]. PANoptosis, a term coined for the simultaneous induction of 
pyroptosis, apoptosis and necroptosis, is a well-established example of this concept [12]. 
Interconnected RCD modalities may coexist within the same disease, affecting tissues 
through synchronous or sequential activation patterns at both the cellular and organis-
mal levels [13]. RCD modalities share triggers, execution events, and protective mech-
anisms. One form can induce another [14]. This can occur within the same cell or in 
neighboring cells.

The final cell fate emerges from the interplay of various cell death programs. It is now 
evident that multiple RCD forms operate simultaneously in diseases such as cancer [15]. 
They function as interconnected backup mechanisms that enable tumor cells to switch 
death modalities when primary pathways are blocked. Crosstalk between RCD pathways 
also affects therapy. Therapeutic interventions should account for disease stage and con-
text. In some settings, targeting secondary or alternative cell death modes may be more 
effective than targeting only the predominant pathways [16]. A comprehensive under-
standing of RCD interconnections is therefore essential for developing next-generation 
therapies that can overcome drug resistance and adapt to the dynamic nature of cellular 
death programs.

Although cell death is biologically important, the dominant or involved forms of RCD 
can vary greatly across diseases, genetic perturbations, drug treatments, and stress 
responses. This diversity makes it challenging to determine which RCD pathways are 
associated with a specific context. It also makes it hard to distinguish major RCD forms 
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from minor ones. Moreover, purchasing all known RCD agonists or inhibitors is nei-
ther practical nor cost-effective. To address this, we aimed to develop a practical and 
economical approach for identifying RCD modes actively involved in a specific cellular 
environment. In this study, we constructed a manually curated gene set collection for 
RCD. We then developed a novel approach to prioritize RCD modalities across diverse 
biological contexts using transcriptomic profiling data. To facilitate accessibility and 
usability, we also established the RCDRank web server, which offers an intuitive interface 
and comprehensive visualization features.

Construction and content
Preparing RCD genes

Over the past few decades, various types of RCD have been identified. This study 
includes RCD modalities primarily defined by the Nomenclature Committee on Cell 
Death (NCCD) [17]. For those not covered by the NCCD, we used definitions from 
Tang et al. as a complement [18]. Although cuproptosis and disulfidptosis are too new 
to be defined in either source, we included them based on our review of recent articles 
[19, 20]. Hence, we collected the gene sets for a total number of 18 RCD subroutines, 
including autophagy-dependent cell death (ADCD), alkaliptosis, apoptosis, autosis, 
cuproptosis, disulfidptosis, entotic cell death, ferroptosis, immunogenic cell death, lys-
osome-dependent cell death, mitotic death, mitochondrial permeability transition 
(MPT)-driven necrosis, necroptosis, NETotic cell death, oxeiptosis, parthanatos, pyrop-
tosis, and regulated necrosis.

We used the same strategy as in our previous work to collect RCD gene sets [21]. 
Briefly, we obtained genes from public repositories such as Gene Ontology and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) [22–26]. We then manually classified 
them as drivers, suppressors, markers, or unclassified genes [27]. For RCD types not 
included in public repositories, genes were manually curated from original publications 
reporting wet-lab experiments. Articles were searched in PubMed using the RCD name 
as a keyword. Each gene entry was annotated directly based on the evidence presented 
in its source publication. A rigorous cross-checking protocol was implemented to ensure 
the highest standard of data accuracy. Finally, the collected gene sets were formatted into 
a ‘.gmt’ file, a widely adopted common format for functional enrichment analysis (FEA).

Prioritizing RCD modalities

Gene set enrichment test (a.k.a., FEA) is an efficient method to obtain meaningful bio-
logical insights from regulated expression profiles. Over-representation analysis (ORA) 
and functional class scoring (FCS) are two popular categories of FEA methods [28]. To 
identify RCD events with varying priorities in a specific biological context, we developed 
a method that ranks RCD pathways through enrichment analysis. Seven FEA methods 
were employed, incorporating both ORA- and FCS-based approaches. The ORA-based 
methods include hypergeometric test and Enrichr, and the FCS-based methods include 
GSEA, GSEA prerank, GOAT, ssGSEA, and GSVA [29–31]. Notably, we did not apply 
topology-based methods because the required pathway topology information is unavail-
able in current data sets.

To prioritize RCD modalities for a given data set, such as a list of differen-
tially expressed genes (DEGs), the following steps are used. Initially, each method 
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independently assesses the enrichment of RCD pathways and calculates adjusted p-val-
ues. Subsequently, the Tippett’s method combines individual p-values across methods 
to obtain a single combined p-value [32]. Next, RCD pathways are ranked based on 
individual p-values, and the robust rank aggregation algorithm aggregates the rankings 
across methods to estimate a consensus score. This score reflects how consistently each 
pathway is enriched across methods. Finally, the priority of RCD pathways is determined 
by considering both the combined p-value and the consensus score. The lower the com-
bined p-value and the consensus enrichment score, the greater the priority of the RCD 
pathway. The process is illustrated in Fig. 1.

Development and deployment

The back end server handles analysis jobs. It was built using Python (3.11.12) and R 
(4.3.1) scripts. The development process integrated several libraries and packages, 
including DESeq2 (1.42), limma (3.58), GOAT (1.1.2), RobustRankAggreg (1.2.1), pandas 
(2.2.3), plotly (6.1.1), and gseapy (1.1.8). These components play a vital role in enhanc-
ing the overall functionality and performance of the server, ensuring robust and efficient 
analysis capabilities.

The front end web interface was crafted using HTML5, CSS3, and JavaScript. To 
streamline the development process and ensure a seamless user experience, a suite of 
powerful tools and frameworks was employed. These include Bootstrap, jQuery, DataTa-
bles, and Plotly. The service runs on an AWS EC2 instance, with an Apache2 web server 
optimized for Ubuntu.

Statistics of RCD genes.
As depicted in Fig. 2A, we compiled gene sets for 18 RCD pathways. In total, there 

are 2802 unique RCD genes. The number of genes varies significantly across RCD path-
ways, ranging from as few as 6 to as many as 2078. Specifically, apoptosis has the highest 
number of genes, while oxeiptosis has the lowest. The remaining RCD types encompass 
genes numbering from 11 to 564.

As shown in Fig. 2B, protein-coding genes constitute the largest group, with a total of 
2561 genes, reflecting their predominant role in the genome. The NA category, repre-
senting genes with unassigned or unknown classifications, is the second most abundant, 
comprising 169 genes. Non-coding RNA genes follow, including 47 miRNA genes, 21 

Fig. 1  Schematic workflow of the analytical framework. It aims to identify multiple RCD modalities that are active 
within specific biological contexts, with a focus on disease, perturbation, and physiological states as the most com-
mon scenarios. Transcriptomic data are utilized to prioritize RCD modalities by integrating enrichment analysis re-
sults from various methods through amalgamation techniques. The final ranking of RCD modalities is determined 
by evaluating both the significance levels and the consensus of enrichment across methods
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lncRNA genes, and 4 transcribed processed pseudogenes. The remaining gene catego-
ries are represented by only one gene.

The composition of gene types also exhibits some variation across different RCD 
modalities (Fig.  2C). Protein-coding genes constitute the predominant gene category 
across all RCD modalities. Notably, the category labeled as NA exhibits a non-negligi-
ble proportion in several RCD types, including ADCD, alkaliptosis, apoptosis, autosis, 
ferroptosis, immunogenic cell death, mitotic death, MPT-driven necrosis, necroptosis, 
NETotic cell death, parthanatos, pyroptosis, and regulated necrosis. Other gene catego-
ries generally represent only a minor fraction of the overall gene composition. Of partic-
ular interest, ferroptosis displays a distinct profile characterized by a notable proportion 
of lncRNAs and miRNAs.

RCD genes were stratified into four distinct functional classifications: driver, suppres-
sor, marker, and unclassified genes (Fig.  2D). Marker genes consistently represent the 
smallest proportion, and they are even absent in some RCD types. Autosis stands out 
with the highest proportion of driver genes, while mitotic death demonstrates the low-
est driver gene representation. Conversely, mitotic death is characterized by the most 
suppressor genes, while pyroptosis exhibits the fewest suppressor genes. MPT-driven 

Fig. 2  Statistic description of genes within RCD pathways. A The distribution of gene counts across various types 
of RCD. B The distribution of genes across various gene types. C The proportional composition of various gene 
types across RCD subroutines. D The composition of driver, suppressor, marker, and unclassified genes across RCD 
modalities
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necrosis and pyroptosis share a remarkably similar and predominant proportion of 
unclassified genes. This large uncharacterized component suggests significant knowl-
edge gaps in our understanding of them. In contrast, autosis demonstrates the smallest 
fraction of unclassified genes. These differences reflect an uneven level of exploration 
across RCD types, highlighting a critical need for targeted research to elucidate the 
genetic basis more completely.

Web interface

On the website, the navigation bar links to all resources (Fig. 3A). The ‘Home’ link opens 
the landing page, and the ‘Analysis’ link opens the tool page where users can prioritize 
RCD pathways using their experimental data. The analysis page is organized into a series 

Fig. 3  Overview of the user interface. A Screenshot of the navigation bar showing links to all resources on the 
website. B Screenshot of the ‘Analysis’ tool page. (B1) The ‘Input’ panel where various types of data can be accepted 
as input. (B2) The ‘Enrichment methods’ panel to select the methods that will be used during the analysis. (B3) The 
‘Input processing’ panel for preprocessing of the input data. (B4) The ‘Analysis’ panel providing options to submit 
or reset the analysis. (B5) The ‘Retrieve results’ panel for accessing past analyses. (B6) The ‘Output’ panel displaying 
comprehensive results ready for export. Please note that for different data sources, as indicated in (B1), the content 
in (B2) and (B3) will vary
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of panels, each with distinct functionality, designed to be informative and intuitive. The 
‘Input’ panel is where users upload their data, with clear instructions on data prepara-
tion provided. The parameter configuration panels are located to the right of the ‘Input’ 
panel and are dependent on the input provided. For instance, Fig.  3B illustrates set-
tings for gene list input. When the input changes, the settings adjust accordingly (not 
shown). The ‘Retrieve results’ panel enables users to retrieve history results from the 
server within the last 48 hours using the analysis identifier, known as the file identifier. 
All results from a completed analysis are displayed in the ‘Output’ panel, where they can 
be visually examined and exported to local storage.

Accuracy and reliability

To demonstrate the accuracy and reliability of RCDRank, we utilized it to reanalyze the 
RCD pathways implicated in the pathogenesis of intracranial aneurysms (IA), as previ-
ously explored by Zhu et al. [33]. They identified apoptosis, necroptosis and pyroptosis 
as being associated with IA pathogenesis. Here, we reproduced these established scien-
tific findings via RCDRank.

We acquired RNA-seq data for IA from the Gene Expression Omnibus (GEO) with the 
accession number GSE122897 [34]. The accompanying platform annotation and phe-
notypic data were also downloaded. This data set was derived from 44 IA samples and 
16 control samples of the intracranial cortical artery. The raw counts matrix was down-
loaded and gene identifiers were converted to official HGNC symbols.

We conducted the analysis using RNA-seq data as input. The ‘Data source’ parame-
ter was set to ‘Expression data’. After uploading the data, the analysis was executed with 
default parameters. In the background, differential gene expression analysis was per-
formed using a cutoff of fold change (FC) > 2 and p < 0.05. These thresholds provide a 
robust balance between sensitivity and specificity, adhering to established conventions 
in the field [35]. The results show that NETotic cell death, pyroptosis, and apoptosis were 
significantly enriched RCD pathways in IA (Fig. 4A).

The DEG step also produced a gene list ranked by log2-transformed fold change 
values. We then utilized this gene list as input for a second analysis, setting the ‘Data 
source’ parameter to ‘Gene list file’. After uploading the data and specifying ‘Number of 
columns’ as 2, the analysis was performed without altering any other parameters. The 

Fig. 4  Validation by recapitulating RCD modes in the pathogenesis of IA. A Enriched RCD pathways in IA derived 
from the raw RNA-seq count matrix. B Enriched RCD pathways in IA based on a gene list sorted by log2 fold change 
values
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results showcase significantly enriched RCD pathways were apoptosis, regulated necro-
sis, NETotic cell death, pyroptosis, and necroptosis (Fig. 4B).

Utility and discussion
Here, we demonstrate the utilization of RCDRank on transcriptomic data derived from 
four common scenarios, namely disease pathogenesis, stress response, gene perturba-
tion, and drug treatment. The results show that RCDRank is suitable for a wide range of 
basic and clinical research scenarios.

For the scenario of disease pathogenesis, we used RCDRank to identify RCD modes in 
osteoarthritis (OA) progression. The expression data were downloaded from GEO under 
accession number GSE114007. For the analysis, a fold change threshold of FC > 2 and a 
p-value threshold of p < 0.05 were applied. The results identify that apoptosis, ferropto-
sis, NETotic cell death, and ADCD were significantly dysregulated (Fig. 5A).

Fig. 5  Application cases. A Significantly perturbed RCD modalities in OA. B RCD triggered by arginine deprivation. 
C RCD involved in ROCK1 knockdown in smooth muscle cells. D RCD involved in response to cisplatin treatment
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For the scenario of stress response, we clarified the various types of RCD associated 
with the response of retinoblastoma cells to arginine deprivation. The RNA-seq data 
were downloaded from GEO under accession number GSE278276. For the analysis, 
we applied a fold change threshold of FC > 1.5 and a significance threshold of p < 0.05. 
The results show apoptosis, ferroptosis, disulfidptosis and necroptosis are significantly 
involved (Fig. 5B).

For the scenario of gene perturbation, we explored RCD involved in ROCK1 knock-
down in smooth muscle cells. The data were downloaded from GEO under accession 
number GSE56819. For the analysis, a fold change threshold of FC > 2 and a p-value 
threshold of p < 0.05 were applied. The results find apoptosis was significantly enriched 
(Fig. 5C).

For the scenario of drug treatment, we identified RCD associated with cisplatin 
response of MMP3-siRNA-treated HGSOC cells. RNA-seq data were downloaded from 
GEO with accession number GSE275051. For the analysis, we applied a fold change 
threshold of FC > 1.2 and a significance threshold of p < 0.01. The results show apoptosis 
and ferroptosis were enriched (Fig. 5D).

The field of FEA is still in an actively growing and improving stage, without a unified 
method or a gold standard [36]. Different tools could yield varying results. The amalga-
mation of methods demonstrated superior performance over a single method in gene 
set enrichment tests [37]. This prompts the exploration of combining multiple methods. 
However, simple intersection of multiple results yields conservative outcomes and over-
looks vital information. In order to address this shortcoming and provide an efficient 
and accurate analysis framework, we have chosen to use p-value combination and robust 
rank aggregation to integrate outputs from different FEA methods. The validity of FEA 
is dependent upon rigorous statistical methods as well as accurate and up-to-date gene 
functional annotations. Hence we also developed a manually curated gene set collection 
for RCD, which is of high quality and ensures reliable enrichment analysis.

Several methods are available for p-value combination, such as Fisher’s method, 
Pearson’s method, Mudholkar and George’s method, Stouffer’s method, and Tippett’s 
method [38]. Fisher’s method gives the most weight to strongly significant results. Pear-
son’s method is the reverse of Fisher’s and focuses on large p-values. Stouffer’s Z-score 
method finds consistent trends across all tests. Mudholkar and George’s method com-
promises between the extremes of Fisher’s and Pearson’s methods. Tippett’s method uses 
the smallest p-value to detect if at least one test is significant. We chose Tippett’s method 
as it is better at detecting sparse signals [39]. Since different enrichment analysis meth-
ods could generate remarkably varied results, true effects are likely found in only a small 
number of tests [40]. This makes Tippett’s method a suitable choice for our study, as it 
helps ensure that a single significant finding is not obscured by non-significant results in 
other tests.

The public validation datasets used in the present study have neither been incorpo-
rated into previous RCD prioritization frameworks nor subjected to similar studies. 
These datasets are valid independent test sets and enable an objective and comprehen-
sive validation of the applicability and reliability of RCDRank.

We have validated the accuracy and reliability of RCDRank via a comprehensive 
reanalysis of RCD pathways implicated in the pathogenesis of IA, building upon the 
foundational work previously established by Zhu and colleagues [33]. In their study, 
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they identified differentially expressed genes between the IA and control groups. They 
also demonstrated that several RCD modalities, specifically apoptosis, necroptosis, 
and pyroptosis, play critical roles in IA development and progression. We successfully 
recapitulated the RCD types identified in the original investigation, thereby providing 
reciprocal validation of both sets of results (Fig. 4). This concordance with prior lit-
erature validates the sensitivity of RCDRank for investigating RCD-mediated disease 
mechanisms. Our analysis additionally identified that NETotic cell death is involved 
in IA pathogenesis. This suggests that IA may extend beyond apoptosis to encompass 
a broader spectrum of RCD modalities. A close association between ferroptosis and 
IA has also been independently confirmed by recent studies [41, 42]. Consistent with 
this, ferroptosis was significantly enriched in our analysis (p < 0.001). Collectively, these 
results suggest that RCDRank can help capture known RCD mechanisms and may aid in 
elucidating additional candidate modalities in complex diseases.

We demonstrated the applicability of RCDRank across four scenarios that typically 
involve shifts in RCD subroutines (Fig. 5). In the disease setting, we identified ferropto-
sis as one of the most prominently enriched death modes in OA, consistent with Miao 
et al. [43]. In the context of stress, we corroborated that arginine deprivation in reti-
noblastoma cells activates apoptosis and additionally identified an enrichment of other 
RCD types [44]. For genetic perturbation, we investigated the effect of ROCK1 knock-
down and successfully prioritized apoptosis, a death pathway known to be regulated by 
ROCK1 [45]. Finally, in the drug treatment scenario, we investigated cisplatin exposure 
and successfully identified apoptosis as a major RCD form induced by this well-estab-
lished apoptosis inducer [46]. In the disease and stress scenarios, enrichment of multiple 
RCD types beyond those previously reported suggests greater complexity. It may reflect 
the coexistence or interaction of different cell death programs within these biological 
settings. In contrast, the RCD patterns observed under single genetic perturbation or 
drug treatment were more specific, with fewer enriched RCD types. This likely reflects 
the more targeted nature of these interventions compared to the systemic complexity 
seen in disease and stress contexts.

RCDRank distinguishes itself from general platforms (e.g., Enrichr, GSEA) by focus-
ing exclusively on manually curated, high-confidence RCD gene sets. Unlike standard 
tools, which typically use a single statistical approach, RCDRank integrates multiple 
approaches using p-value combination and RRA to improve robustness. Furthermore, 
RCDRank addresses the limitations of existing specialized databases, which are often 
constrained by narrower RCD coverage or restricted analytical functionality. Together, 
these features reflect RCDRank’s novelty in quantitatively prioritizing RCD modalities.

Even though RCDRank is reliable to prioritize RCD modalities, we have to acknowl-
edge that it shares some of the limitations derived from ORA and FCS methods. They 
assume gene independence, when in reality, gene products interact through complex 
networks in biological systems. This may limit our understanding of these interactions 
during expression changes. They also analyze pathways independently, whereas path-
ways often exhibit interdependencies. This ignores that genes often participate in mul-
tiple pathways, leading to overlooked pathway interactions and overlaps.
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Conclusions
In the present study, we initially constructed a high-quality collection of gene sets for 18 
RCD subroutines. We then developed an analytical framework to discern the priorities 
of RCD by integrating outputs from seven gene set enrichment tests. Utilizing p-value 
combination and robust rank aggregation, we estimated a combined p-value and a con-
sensus enrichment score for each RCD modality. We used these two metrics to rank 
RCD modalities. This dual-criteria approach is intended to improve the robustness of the 
prioritization and to support subsequent experimental validation and therapeutic target-
ing. Finally, we developed a free web server, RCDRank, for easy access and use. RCDrank 
addresses a critical gap in RCD research: the lack of practical tools to determine which 
RCD types are functionally important in a specific biological context. Testing every 
known RCD modulator is costly and labor-intensive. Our approach enables researchers 
to make data-driven decisions by leveraging transcriptomic profiles. To ensure the long-
term sustainability of the platform, we have established a dedicated maintenance team 
responsible for conducting iterative optimizations on a biannual basis. Future updates 
will focus on integrating the latest research advancements, enhancing algorithmic effi-
ciency, and resolving technical issues. Beyond RCD, this study provides a conceptual and 
methodological paradigm for tackling similar challenges in other multifaceted biological 
systems. Metabolic pathways, RNA modifications, and post-translational modifications 
consist of numerous mechanistically diverse subtypes, and many are biologically impor-
tant. However, it is often difficult to determine which subtype is most relevant in a given 
setting. RCDRank exemplifies how integrative, transcriptome-based analysis can guide 
the functional dissection of complex processes, paving the way for analogous tool devel-
opment in other domains of biology.
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