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Supplementary information part 1 – Advanced search formulas
Retrieval formulas developed for the bibliometric analysis and for the additional searches conducted throughout the review article

Apoptosis
(TI=(apoptosis OR apoptotic* OR apoptotical* OR apoptoticity OR apoptotically OR apoptosome* OR apoptosomal OR anoikis OR antiapoptosis OR anti-apoptosis OR proapoptosis OR pro-apoptosis OR nonapoptosis OR non-apoptosis OR preapoptosis OR pre-apoptosis OR antiapoptotic OR anti-apoptotic OR proapoptotic OR pro-apoptotic OR nonapoptotic OR non-apoptotic OR preapoptotic* OR pre-apoptotic*) OR AK=( apoptosis OR apoptotic* OR apoptotical* OR apoptoticity OR apoptotically OR apoptosome* OR apoptosomal OR anoikis OR antiapoptosis OR anti-apoptosis OR proapoptosis OR pro-apoptosis OR nonapoptosis OR non-apoptosis OR preapoptosis OR pre-apoptosis OR antiapoptotic OR anti-apoptotic OR proapoptotic OR pro-apoptotic OR nonapoptotic OR non-apoptotic OR preapoptotic* OR pre-apoptotic*) OR AB=( apoptosis OR apoptotic* OR apoptotical* OR apoptoticity OR apoptotically OR apoptosome* OR apoptosomal OR anoikis OR antiapoptosis OR anti-apoptosis OR proapoptosis OR pro-apoptosis OR nonapoptosis OR non-apoptosis OR preapoptosis OR pre-apoptosis OR antiapoptotic OR anti-apoptotic OR proapoptotic OR pro-apoptotic OR nonapoptotic OR non-apoptotic OR preapoptotic* OR pre-apoptotic*))

Ferroptosis
(TI=(ferroptosis OR ferroptotic OR oxytosis OR antiferroptosis OR anti-ferroptosis OR proferroptosis OR pro-ferroptosis OR nonferroptosis OR non-ferroptosis OR antiferroptotic OR anti-ferroptotic OR proferroptotic OR pro-ferroptotic OR nonferroptotic OR non-ferroptotic) OR AK=(ferroptosis OR ferroptotic OR oxytosis OR antiferroptosis OR anti-ferroptosis OR proferroptosis OR pro-ferroptosis OR nonferroptosis OR non-ferroptosis OR antiferroptotic OR anti-ferroptotic OR proferroptotic OR pro-ferroptotic OR nonferroptotic OR non-ferroptotic) OR AB=(ferroptosis OR ferroptotic OR oxytosis OR antiferroptosis OR anti-ferroptosis OR proferroptosis OR pro-ferroptosis OR nonferroptosis OR non-ferroptosis OR antiferroptotic OR anti-ferroptotic OR proferroptotic OR pro-ferroptotic OR nonferroptotic OR non-ferroptotic))

Pyroptosis
(TI=(pyroptosis OR pyroptotic OR inflammasome OR pyroptosome OR antipyroptosis OR anti-pyroptosis OR propyroptosis OR pro-pyroptosis OR nonpyroptosis OR non-pyroptosis OR antipyroptotic OR anti-pyroptotic OR propyroptotic OR pro-pyroptotic OR nonpyroptotic OR non-pyroptotic) OR AK=(pyroptosis OR pyroptotic OR inflammasome OR pyroptosome OR antipyroptosis OR anti-pyroptosis OR propyroptosis OR pro-pyroptosis OR nonpyroptosis OR non-pyroptosis OR antipyroptotic OR anti-pyroptotic OR propyroptotic OR pro-pyroptotic OR nonpyroptotic OR non-pyroptotic) OR AB=(pyroptosis OR pyroptotic OR inflammasome OR pyroptosome OR antipyroptosis OR anti-pyroptosis OR propyroptosis OR pro-pyroptosis OR nonpyroptosis OR non-pyroptosis OR antipyroptotic OR anti-pyroptotic OR propyroptotic OR pro-pyroptotic OR nonpyroptotic OR non-pyroptotic))

Necroptosis
(TI=(necroptosis OR necroptotic OR necroptosome OR antinecroptosis OR anti-necroptosis OR pronecroptosis OR pro-necroptosis OR non-necroptosis OR antinecroptotic OR anti-necroptotic OR pronecroptotic OR pro-necroptotic OR non-necroptotic) OR AK=(necroptosis OR necroptotic OR necroptosome OR antinecroptosis OR anti-necroptosis OR pronecroptosis OR pro-necroptosis OR non-necroptosis OR antinecroptotic OR anti-necroptotic OR pronecroptotic OR pro-necroptotic OR non-necroptotic) OR AB=(necroptosis OR necroptotic OR necroptosome OR antinecroptosis OR anti-necroptosis OR pronecroptosis OR pro-necroptosis OR non-necroptosis OR antinecroptotic OR anti-necroptotic OR pronecroptotic OR pro-necroptotic OR non-necroptotic))

Cancer
(TI=(cancer* OR anticancer* OR tumor* OR tumour* OR oncology OR neoplasm* OR carcinoma* OR lymphoma* OR sarcoma* OR leukemia*) OR AK=(cancer* OR anticancer* OR tumor* OR tumour* OR oncology OR neoplasm* OR carcinoma* OR lymphoma* OR sarcoma* OR leukemia*) OR AB=(cancer* OR anticancer* OR tumor* OR tumour* OR oncology OR neoplasm* OR carcinoma* OR lymphoma* OR sarcoma* OR leukemia*))

Machine learning
(TI=("machine learning" OR "supervised learning" OR "unsupervised learning" OR "deep learning" OR "neural network*" OR "artificial intelligence" OR computerized OR computer-based OR computer-assisted OR "computational model") OR AK=("machine learning" OR "supervised learning" OR "unsupervised learning" OR "deep learning" OR "neural network*" OR "artificial intelligence" OR computerized OR computer-based OR computer-assisted OR "computational model") OR AB=("machine learning" OR "supervised learning" OR "unsupervised learning" OR "deep learning" OR "neural network*" OR "artificial intelligence" OR computerized OR computer-based OR computer-assisted OR "computational model"))

Liquid biopsy
(TI=("liquid biopsies" OR "liquid biopsy" OR "cell free DNA" OR "cell-free DNA" OR cfDNA OR "circulating tumor DNA" OR ctDNA) OR AK=("liquid biopsies" OR "liquid biopsy" OR "cell free DNA" OR "cell-free DNA" OR cfDNA OR "circulating tumor DNA" OR ctDNA) OR AB=("liquid biopsies" OR "liquid biopsy" OR "cell free DNA" OR "cell-free DNA" OR cfDNA OR "circulating tumor DNA" OR ctDNA))

Extracellular vesicles
(TI=("extracellular vesicles" OR exosomes OR microvesicles OR microparticles OR oncosomes OR ectosomes OR "apoptotic bodies" OR vesicular OR "extracellular nanoparticles" OR vesicles OR EVs OR EV-mediated OR nanovesicles OR sEVs) OR AK=("extracellular vesicles" OR exosomes OR microvesicles OR microparticles OR oncosomes OR ectosomes OR "apoptotic bodies" OR vesicular OR "extracellular nanoparticles" OR vesicles OR EVs OR EV-mediated OR nanovesicles OR sEVs) OR AB=("extracellular vesicles" OR exosomes OR microvesicles OR microparticles OR oncosomes OR ectosomes OR "apoptotic bodies" OR vesicular OR "extracellular nanoparticles" OR vesicles OR EVs OR EV-mediated OR nanovesicles OR sEVs))
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Supplementary information part 1 – Table S1
Number of publications on apoptosis, ferroptosis, pyroptosis, and necroptosis (2012–October 2024)
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	Apoptosis
	Ferroptosis
	Pyroptosis
	Necroptosis

	Year
	Total
	Cancer
	Total
	Cancer
	Total
	Cancer
	Total
	Cancer

	Since the discovery
(h-index)
	592,911
	286,631
(322)*
	15,132
	7,547
(217)
	30,207
	5,363
(181)
	7,331
	2,813
(143)

	2024
	23,952
	12,513
	4,368
	2,033
	3,701
	850
	860
	335

	2023
	30,916
	16,182
	4,283
	2,095
	4,519
	1,049
	1,090
	423

	2022
	34,886
	18,154
	3,165
	1,653
	4,402
	1,044
	1,144
	500

	2021
	35,732
	18,832
	1,641
	935
	3,515
	654
	816
	308

	2020
	34,397
	18,592
	784
	403
	2,854
	451
	681
	249

	2019
	31,824
	17,468
	389
	197
	2,148
	286
	581
	216

	2018
	27,697
	15,078
	203
	95
	1,749
	244
	478
	162

	2017
	26,819
	14,449
	121
	56
	1,490
	196
	431
	145

	2016
	25,572
	13,817
	75
	44
	1,273
	155
	377
	133

	2015
	24,581
	13,161
	29
	11
	1,077
	109
	270
	116

	2014
	23,350
	12,092
	23
	10
	925
	93
	232
	80

	2013
	22,872
	11,534
	6
	1
	761
	72
	144
	60

	2012
	21,657
	10,727
	3
	1
	601
	65
	93
	41

	The row labeled 'Since the discovery' indicates the total number of publications since each cell death mechanism was first formally conceptualized. The 'Cancer' heading indicates publications focused exclusively on cancer research. The h-index, highlighted in parentheses and bold, is a metric used to measure both the productivity and citation impact of publications within a specific research area. It is defined as the maximum number of publications (h) that have each been cited at least ℎ times. For example, an h-index of 10 means there are 10 publications, each with at least 10 citations. Here, it is used to characterize the impact of the mentioned cell death mechanisms in cancer research. *The large number of publications on apoptosis does not allow for a general calculation of the h-index, so the reported value only pertains to publications from the years 2000 and 2001.




Supplementary information part 1 – Table S2
Overview of machine learning applications in identifying ferroptosis-related biomarkers across different cancer types.

	Cancer types
	ML techniques
	Ferroptosis related biomarkers
	Type of model

	
	
	Driver
	Suppressor
	Marker
	Unclassified
	

	Acute myeloid leukemia (AML)
	LASSO, Cox regression, SHAP [1]
	CHAC1, DPP4, NCOA4, SAT1, SLC7A11, G6PD, ACSF2
	CD44, CISD1, SLC7A11, AIFM2, G6PD
	CHAC1
	SLC7A11, ACSF2
	Prognostic

	
	SPC, CoxBoost, stepwise Cox regression, LASSO, GBM, survival-SVM, PLS regression, ridge regression, elastic net, RSF [2]
	
	
	
	DDIT4
	Prognostic, prediction (drug sensitivity)





	Cancer types
	ML techniques
	Ferroptosis related biomarkers
	Type of model

	
	
	Driver
	Suppressor
	Marker
	Unclassified
	

	Adrenocortical carcinoma (ACC)
	Univariate regression analysis, LASSO, Cox regression [3]
	GABARAPL2, SLC7A11, KRAS, ACSL4, MAPK3, HMGB1, ATG7, NOX1
	RRM2, HELLS, FANCD2
	
	STMN1, RRM2, AURKA, HMGB1, CXCL2, DDIT4, PLIN4, STEAP3
	Prognostic

	Bladder cancer (BLCA)
	LASSO, Cox regression [4]
	TFRC, SLC7A11, SLC1A5, DPP4, RPL8, LPCAT3, SAT1, GPX4, ACSL4, NFE2L2, FANCD2
	HSPA5, TFRC
	TFRC
	TFRC
	Prognostic, prediction (immunotherapy response)

	
	WGCNA, LASSO, Cox regression [5]
	
	JUN, GALNT14
	
	
	Prognostic, prediction (immunotherapy response)

	
	LASSO, Cox regression [6]
	G6PD, EGFR, VDAC2, IFNG
	G6PD, CHMP6, PROM2, VDAC2, AIFM2
	
	
	Prognostic, prediction (immunotherapy and chemotherapy response)

	
	LASSO, Cox regression, SVM-RFE [7]
	DDR2
	SCD
	
	
	Prognostic, prediction (immunotherapy response)

	Breast cancer (BRCA)
	Coalescent PAM clustering, WGCNA, LASSO, Cox analysis [8]
	SLC7A11, ACSF2, NDRG1, PANX1, PEX10
	
	
	ACSF2
	Prognostic





	Cancer types
	ML techniques
	Ferroptosis related biomarkers
	Type of model

	
	
	Driver
	Suppressor
	Marker
	Unclassified
	

	
	MCC, SVM-RFE, LASSO, Cox regression [9]
	ATF3
	
	
	TXNIP, SLC2A1, ATF3
	Prognostic, prediction (immunotherapy response)

	
	Cox regression [10]
	
	
	
	DDIT4, DUSP1
	Prognostic

	
	Cox regression, LASSO, CC [11]
	
	MT1G, CDKN1A, PRKAA2
	
	
	Prognostic, prediction (drug sensitivity)

	Cervical cancer (CC)
	LASSO, SVM-RFE [12]
	EPAS1
	
	
	
	Prognostic

	Chronic myeloid leukemia (CML)
	SVM-RFE, LASSO, RSF, CC [13]
	SLC11A2, HMOX1, SLC38A1,
	HMOX1, AKR1C3
	
	HMOX1, ACSL6
	Diagnostic, prediction (immunotherapy and chemotherapy response)

	Colorectal cancer (CRC)

	LASSO, SVM [14]
	NOX4, TFR2, ALOXE3,
	CA9
	
	
	Diagnostic, prognostic

	
	RSF, elastic net, ridge regression, stepwise Cox regression, LASSO, CoxBoost, PLS for Cox, GBM, SPC, SVM, CC [15]
	ACSF2, NOX1, BID, AQP5, HOTAIR, DDR2, TIMP1
	KIF20A, PPP1R13L
	
	ACSF2
	Prognostic, prediction (immunotherapy and chemotherapy response)







	Cancer types
	ML techniques
	Ferroptosis related biomarkers
	Type of model

	
	
	Driver
	Suppressor
	Marker
	Unclassified
	

	
	[bookmark: _Hlk179285670]LASSO, plsRcox, RSF, elastic net, GBM, stepwise Cox, CoxBoost, survival SVM, SPC [16]
	KLF2, MAPK3, SMPD1, SAT1, SIRT1, PAQR3, YTHDC2, NR1D2, SLC38A1, ACSF2
	ZFP36, PML, PTPN18, SMPD1, RARRES2, CAV1, FXN, NOS2, SIRT1, SCD, RNF113A
	
	SLC2A3, CXCL2, NOS2, SLC2A1, ACSF2, HNF4A
	Prognostic

	
	LASSO, Cox regression [17]
	AP003555.1, AC010973.2, LINC01857, AP001469.3, ITGB1-DT, AC129492.1 (lncRNAs)
	Prognostic

	Gastric cancer (GC)
	RSF, SVM, XGBoost, GLM [18]
	MYB, CYB5R1, LIFR, DPP4
	
	
	
	Diagnostic, prognostic

	
	Elastic net, LASSO, RSF, ridge regression, CoxBoost, SPC, stepwise Cox, PLS for Cox, survival-SVM, GBM [19]
	
	
	
	YWHAE
	Prognostic, prediction (immunotherapy response)

	Glioma
	LASSO, convolutional neural networks [20]
	NOX1, NCOA4, ALOX12, ALOX15B, ZEB1, HMOX1, TGFBR1, IDH1, PEX12, MYCN, SMG9, SLC39A7, HMOX1
	CD, NFS1, SQSTM1, CD44, RRM2, GDF15, PARP4, PARP14, KIF20A, ETV4, LCN2, HMOX1
	
	HMOX1
	Prognostic





	Cancer types
	ML techniques
	Ferroptosis related biomarkers
	Type of model

	
	
	Driver
	Suppressor
	Marker
	Unclassified
	

	
	RSF, LASSO [21]
	EGLN2, PGD, MAPK9, NCOA4, ZEB1, NRAS, SMG9, TGFBR1
	KIF20A, RRM2, CBS, JUN, KDM4A
	
	RRM2, TXNIP
	Prognostic

	
	Multivariate regression, LASSO [22]
	RPL8
	ISCU, NFS1, MTOR, HSPA5
	
	EIF2S1, AURKA, RPL8
	Prognostic, prediction (drug sensitivity)

	Hepatoblastoma (HB)
	LASSO, SVM-RFE [23]
	PRKAA2, GLS2
	PRKAA2, TRIB2
	
	
	Diagnostic, prognostic

	Hepatocellular carcinoma (HCC)
	LASSO, ranger algorithms, univariate Cox regression, SWSFS [24]
	G6PD, SLC7A11
	KIF20A, G6PD, SLC7A11
	
	SLC7A11, SLC2A1
	Prognostic

	
	LASSO, Cox regression [25]
	KDM4A-AS1, ZFPM2-AS1, AC099850.3, MKLN1-AS, BACE1-AS (lncRNAs)
	Prognostic

	
	LASSO, Cox regression [26]
	G6PD, SLC1A5, SLC7A11
	FTH1, G6PD, PML
	FTH1, SLC7A11
	FTH1, SLC7A11, STMN1
	Prognostic

	
	LASSO, Cox regression, CC [27]
	SLC7A11
	SLC7A11
	
	SLC7A11
	Prognostic, prediction (drug sensitivity)

	
	RSF [28]
	TF
	CISD1, NQO1, NT5DC2, RRM2, TF
	TF
	ALB, RRM2, TF, TRIB3
	Diagnostic





	Cancer types
	ML techniques
	Ferroptosis related biomarkers
	Type of model

	
	
	Driver
	Suppressor
	Marker
	Unclassified
	

	Lung adenocarcinoma (LUAD)
	Deep learning neural networks, LASSO, elastic net, SVM-RFE [29]
	
	
	
	RRM2, AURKA
	Prognostic

	
	LASSO, Cox regression, boruta feature selection [30]
	
	
	
	EIF5A, CACYBP, CYCS, ANLN, ARNTL2, PPM1M
	Prognostic

	
	RSF [31]
	GLS2, ALOX15, NOX1, ACSL4, FANCD2, NCOA4
	CISD1, SLC3A2, HSPB1
	HSPB1, PTGS2
	ALOX15, SLC3A2
	Prognostic, prediction (immunotherapy response)

	
	WCN, CC, LASSO, Cox regression, RSF [32]
	
	TFAP2A
	
	
	Prognostic, prediction (drug sensitivity, immunotherapy and chemotherapy response)

	Osteosarcoma (OS)
	LASSO, Cox regression [33]
	ATF4, CDO1
	ATF4, CBS, SCD, SLC3A2
	
	ATF4, CBS, SLC3A2, ACSL5
	Prognostic

	
	LASSO, Cox regression, RSF [34]
	
	
	
	SEPINH1
	Prognostic, prediction (immunotherapy and chemotherapy response)





	Cancer types
	ML techniques
	Ferroptosis related biomarkers
	Type of model

	
	
	Driver
	Suppressor
	Marker
	Unclassified
	

	Prostate cancer (PRAD)
	Deep learning neural networks, Cox regression [35]
	ACSL4, ALOX15, ALOX5, ALOX12, CARS, CHAC1, CS, DPP4, FANCD2, GLS2, LPCAT3, NCOA4, RPL8, SAT1, SLC7A11, TP53, PHKG2, ACO1, PEBP1, ZEB1, FADS2, NOX1, ABCC1, SLC1A5, GOT1, G6PD, PGD, IREB2, HMOX1
	AKR1C1, AKR1C2, AKR1C3, CBS, CD44, CISD1, GCLC, GPX4, HSPB1, MT1G, TP53, FTH1, NFS1, ACSL3, FADS2, NFE2L2, GOT1, G6PD, HMOX1
	CHAC1, GPX4, HSPB1, PTGS2, SLC7A11, FTH1, NFE2L2
	ALOX15, ALOX5, ALOX12, CBS, RPL8, SLC7A11, FTH1, STEAP3, NFE2L2, IREB2, HMOX1
	Prognostic, prediction (drug sensitivity)

	Renal clear cell carcinoma (ccRCC)
	RSF [36]
	GABARAPL2
	CDKN1A
	
	PSAT1, TRIB3, PCK2
	Diagnostic

	
	Cox regression [37]
	CHAC1, EGFR
	
	CHAC1
	TRIB3, NNMT, SLC1A4
	Prognostic, prediction (immunotherapy response)

	
	LASSO [38]
	CARS1, NCOA4, SLC7A11
	CD44, FANCD2, SLC7A11
	
	SLC7A11
	Prognostic


Ferroptosis-related biomarkers were classified based on FerrDB categories [39, 40], with additional literature searches conducted to supplement the classification when necessary. Abbreviations: CC: Consensus clustering; CoxBoost: Boosting Cox’s proportional hazards regression; GBM: Generalized Boosted Regression Modeling; GLM: Generalized Linear Models; LASSO: Least Absolute Shrinkage and Selection Operator; MCC: Maximal Clique Centrality; PAM: Partitioning Around Medoids; PLS: Partial Least Squares Regression; RSF: Random Survival Forest; SHAP: SHapley Additive exPlanations; SPC: Supervised Principal Components; Stepwise Cox: stepwise Cox proportional hazards regression; SVM: Support Vector Machine; SVM-RFE: Support Vector Machine-Recursive Feature Elimination; SWSFS: Sliding Windows Sequential Forward Feature Selection; WCN: Weighted Correlation Network; WGCNA: Weighted Gene Co-expression Network Analysis; XGBoost: eXtreme Gradient Boosting.
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