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​Plain language summary​

​Why​ ​this​ ​study​ ​matters:​​Determining​​if​​a​​chemical​​or​​drug​​will​​damage​​the​​heart​​is​​a​​major​
​challenge​​in​​safety​​testing​​and​​impacts​​drug​​development.​​Traditionally,​​researchers​​look​​at​
​the​ ​final​ ​stages​ ​of​ ​heart​ ​damage,​ ​often​ ​missing​ ​the​ ​early​ ​warning​ ​signs.​ ​In​ ​this​ ​study,​ ​we​
​created​ ​a​ ​digital​ ​map​ ​that​ ​shows​ ​the​ ​"chain​ ​reaction"​ ​of​ ​events,​ ​starting​ ​from​ ​a​ ​chemical​
​interaction in the body and leading all the way to heart failure.​

​What​ ​we​ ​did:​ ​By​ ​gathering​ ​data​ ​from​​a​​global​​scientific​​database,​​we​​built​​a​​network​​of​​64​
​biological​​events​​that​​lead​​to​​heart​​toxicity.​​Our​​map​​identifies​​"biological​​crossroads",​​which​
​are​ ​specific​ ​moments​ ​like​ ​cell​​stress​​or​​power​​failures​​within​​the​​cell,​​where​​many​​different​
​toxic​ ​chemicals​ ​converge​ ​to​ ​cause​ ​damage.​ ​We​ ​also​ ​describe​ ​how​ ​other​ ​organs,​ ​like​ ​the​
​kidneys, play an important role in how the heart reacts to these chemicals.​

​The​ ​impact:​ ​We​ ​made​ ​this​ ​map​ ​available​ ​in​ ​an​ ​easy-to-use​ ​website​ ​and​ ​provided​ ​a​
​catalogue​​of​​testing​​methods.​​This​​resource​​helps​​scientists​​design​​new,​​animal-free​​tests​​by​
​focusing​ ​on​ ​the​ ​most​ ​important​ ​biological​ ​signs​ ​of​ ​danger.​ ​Ultimately,​ ​this​ ​can​ ​potentially​
​make​​drug​​and​​other​​chemical​​developments​​safer​​by​​catching​​heart​​risks​​much​​earlier​​than​
​before.​

​1​

​1​

​2​

​3​

​4​

​5​

​6​

​7​

​8​

​9​

​10​

​11​

​12​

​13​

​14​

​15​

​16​

​17​

​18​

​19​

​20​

​21​

​22​

​23​

​24​

​25​

​26​

​27​

​28​

​29​

​30​

​31​

​32​

​33​

​34​

​35​

​36​

​37​

​38​

​39​

​40​

​41​

​42​

​43​

​44​

​45​

​46​

​47​

mailto:lcladeira@uliege.be
mailto:liesbet.geris@uliege.be
mailto:b.staumont@uliege.be


​Abstract​

​Chemical-induced​ ​heart​ ​toxicity​ ​remains​ ​a​ ​major​ ​challenge​ ​in​ ​drug​ ​development​ ​and​
​environmental​ ​safety,​ ​largely​ ​because​ ​current​ ​testing​ ​often​ ​relies​ ​on​ ​narrow,​ ​late-stage​
​endpoints​​that​​miss​​the​​complex​​biological​​progression​​of​​the​​toxicities.​​To​​address​​this,​​we​
​developed​​a​​comprehensive​​Adverse​​Outcome​​Pathway​​(AOP)​​network​​that​​maps​​how​​early​
​(bio)chemical​ ​triggers​ ​evolve​ ​into​ ​organ-level​ ​dysfunction.​ ​By​ ​integrating​ ​data​ ​from​ ​the​
​OECD​ ​AOP-Wiki,​ ​we​ ​constructed​ ​a​ ​unified​ ​network​ ​of​ ​64​ ​biological​ ​events​ ​and​ ​94​
​documented​ ​relationships​ ​that​ ​identifies​ ​the​ ​critical​ ​biological​ ​"crossroads"​ ​where​ ​different​
​toxic​ ​chemicals​ ​converge​ ​to​ ​cause​ ​heart​ ​damage.​ ​Our​ ​analysis​ ​reveals​​a​​compact​​core​​of​
​central​ ​biological​ ​events,​ ​such​​as​​oxidative​​stress​​and​​mitochondrial​​dysfunction,​​which​​act​
​as​​the​​primary​​drivers​​of​​cardiac​​injury.​​This​​network​​approach​​moves​​beyond​​single,​​linear​
​pathways​ ​to​ ​show​ ​how​ ​systemic​ ​factors,​ ​including​ ​interactions​ ​with​ ​other​ ​organs​ ​like​ ​the​
​kidneys,​ ​contribute​ ​to​ ​cardiotoxicity.​ ​To​​translate​​these​​findings​​into​​a​​practical​​resource​​for​
​the​ ​broader​ ​scientific​ ​community,​ ​we​ ​developed​ ​a​ ​methods​ ​catalogue​ ​that​ ​links​ ​these​
​biological​ ​events​ ​to​ ​specific​ ​laboratory​ ​assays.​ ​To​ ​ensure​ ​this​ ​work​ ​is​ ​accessible​ ​and​
​actionable,​ ​we​ ​hosted​ ​the​ ​network​ ​on​ ​an​ ​interactive,​ ​FAIR-aligned​ ​web​ ​platform.​ ​By​
​providing​​a​​clear​​scaffold​​for​​understanding​​heart​​safety,​​this​​resource​​enables​​the​​design​​of​
​more​ ​human-relevant,​ ​animal-free​ ​testing​ ​strategies​ ​and​​helps​​prioritize​​the​​most​​impactful​
​biomarkers for future safety assessments.​

​Keywords:​
​Cardiac safety; adverse outcome pathways; toxicity; systems biology; next-generation risk​
​assessment.​

​1. Introduction​

​Cardiovascular​​diseases​​remain​​the​​leading​​cause​​of​​mortality​​worldwide​​(Global​​Burden​​of​
​Cardiovascular​ ​Diseases​ ​and​ ​Risks​ ​2023​ ​Collaborators,​ ​2025;​ ​OECD,​ ​2025),​ ​with​
​chemical-induced​ ​cardiotoxicity​ ​representing​​a​​significant​​and​​growing​​concern​​across​​both​
​therapeutic​ ​and​ ​environmental​ ​contexts​ ​(Daley​ ​et​ ​al.,​ ​2022;​ ​Georgiadis​ ​et​ ​al.,​ ​2022).​
​Mechanistically,​ ​cardiotoxicity​ ​arises​ ​from​ ​a​ ​diverse​ ​range​ ​of​ ​perturbations,​ ​including​
​mitochondrial​ ​dysfunction,​ ​oxidative​ ​stress,​ ​calcium​ ​mishandling,​ ​inflammation,​ ​and​
​disruption​ ​of​ ​ion​ ​homeostasis,​ ​ultimately​ ​leading​ ​to​ ​cardiac​ ​muscle​ ​damage.​ ​These​
​processes​ ​are​ ​not​ ​only​ ​biologically​ ​complex​ ​but​ ​also​ ​temporally​ ​variable,​ ​with​ ​adverse​
​outcomes​​manifesting​​over​​timescales​​ranging​​from​​seconds​​to​​decades​​(Mamoshina​​et​​al.,​
​2021).​ ​This​ ​variability​ ​poses​ ​a​ ​significant​ ​challenge​ ​for​ ​traditional​ ​detection​ ​methods,​
​primarily​ ​focusing​ ​on​ ​functional​ ​endpoints,​ ​such​​as​​contractility​​and​​hERG​​inhibition,​​which​
​often​ ​fail​ ​to​ ​capture​ ​the​ ​full​ ​spectrum​ ​of​ ​cardiotoxic​ ​effects​ ​(Daley​ ​et​ ​al.,​ ​2022).​ ​Such​
​limitation​ ​contributes​ ​to​ ​high​ ​attrition​ ​rates​ ​in​ ​pharmaceutical​ ​development​ ​and​ ​persistent​
​gaps in evaluating environmental chemicals (Daley et al., 2022; Mamoshina et al., 2021).​

​Beyond​ ​the​ ​pharmaceutical​ ​context,​ ​environmental​ ​cardiotoxicity​ ​has​ ​gained​ ​increasing​
​attention​ ​as​ ​a​ ​public​ ​health​ ​concern,​ ​with​ ​mounting​ ​evidence​ ​linking​ ​cardiovascular​
​dysfunction​ ​to​ ​chronic​ ​exposure​​to​​pollutants​​such​​as​​airborne​​particulates,​​pesticides,​​and​
​endocrine-disrupting​ ​chemicals​ ​(Daley​​et​​al.,​​2022;​​Georgiadis​​et​​al.,​​2022;​​Schaffert​​et​​al.,​
​2023).​​Despite​​this,​​cardiotoxicity​​remains​​unclassified​​as​​an​​independent​​hazard​​category​​in​
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​regulatory​ ​frameworks,​ ​limiting​ ​recognition​ ​and​ ​hindering​ ​the​ ​development​ ​of​ ​tailored​
​assessment​​strategies​​(Georgiadis​​et​​al.,​​2022).​​Epidemiological​​data​​suggest​​that​​7–23%​​of​
​the​ ​cardiovascular​ ​disease​​burden​​may​​be​​attributable​​to​​environmental​​exposures,​​yet​​the​
​underlying​​toxicological​​mechanisms​​remain​​insufficiently​​characterised​​(Daley​​et​​al.,​​2022).​
​Modern​ ​in​ ​vitro​ ​and​ ​in​​silico​​models,​​while​​promising,​​often​​focus​​on​​a​​limited​​spectrum​​of,​
​however​ ​relevant,​ ​targets,​ ​such​​as​​ion​​channels,​​failing​​to​​capture​​the​​broader​​mechanistic​
​landscape​​necessary​​for​​understanding​​cardiotoxicity​​(Daley​​et​​al.,​​2022).​​This​​systemic​​lack​
​of​ ​mechanistic​ ​understanding​ ​underscores​ ​the​ ​urgent​ ​need​ ​for​ ​more​ ​comprehensive,​
​mechanism-based​ ​approaches​ ​(Bajard​ ​et​ ​al.,​ ​2023)​ ​bridging​ ​effective​ ​protective​ ​strategies​
​and regulatory frameworks for both pharmaceutical and environmental chemical safety.​

​To​ ​address​ ​these​ ​challenges,​ ​mechanism-based​ ​frameworks​ ​are​ ​needed​ ​to​ ​complement​
​functional​ ​screening​ ​and​ ​enhance​ ​predictive​ ​resolution.​ ​The​ ​Adverse​ ​Outcome​ ​Pathway​
​(AOP)​ ​framework​ ​offers​ ​a​ ​conceptual​ ​construct​ ​designed​ ​to​ ​transform​ ​toxicity​ ​testing​ ​and​
​accelerate​ ​evidence-based​ ​risk​ ​assessment​ ​by​ ​leveraging​ ​data​ ​from​ ​multiple​ ​sources.​ ​An​
​AOP​ ​is​ ​defined​ ​as​ ​a​ ​sequence​ ​of​ ​measurable​ ​key​ ​events​ ​(KE),​ ​starting​ ​from​ ​a​ ​molecular​
​initiating​ ​event​ ​(MIE)​ ​and​ ​leading​ ​towards​ ​an​ ​adverse​ ​outcome​ ​(AO),​ ​connected​ ​via​ ​key​
​event​ ​relationships​ ​(KERs),​ ​which​ ​provide​ ​the​ ​scientific​ ​foundation​ ​for​ ​causal​ ​inferences​
​(Ankley​ ​et​ ​al.,​ ​2009;​ ​OECD,​ ​2018;​ ​Vinken​ ​et​ ​al.,​ ​2017).​ ​It​ ​provides​ ​a​ ​structured,​
​stressor-agnostic​ ​way​ ​to​ ​organise​ ​existing​ ​mechanistic​ ​knowledge​ ​(Vinken​ ​et​ ​al.,​ ​2017).​
​AOPs​​delineate​​causal​​sequences​​of​​disturbed​​events​​across​​molecular,​​cellular,​​tissue,​​and​
​organ​ ​scales​ ​that​ ​ultimately​ ​produce​ ​adverse​ ​health​ ​or​ ​ecotoxicological​ ​outcomes​ ​at​ ​the​
​individual​​or​​population​​level​​(Ankley​​et​​al.,​​2009).​​Their​​modular​​architecture​​enables​​reuse​
​and​ ​recombination​ ​of​ ​KEs​ ​across​ ​pathways,​ ​supporting​ ​both​ ​knowledge​ ​integration​ ​and​
​systematic​ ​application.​ ​Although​ ​AOPs​ ​are​ ​typically​ ​developed​ ​as​ ​linear​ ​constructs,​
​combining​​them​​into​​networks​​better​​reflects​​the​​complexity​​of​​biological​​systems​​(Knapen​​et​
​al.,​ ​2018;​ ​Villeneuve​ ​et​ ​al.,​ ​2014)​ ​which​ ​makes​ ​them​ ​especially​ ​valuable​ ​for​ ​capturing​
​multiscale mechanisms such as multi-organ cross-talks.​

​The​ ​AOP-Wiki,​ ​developed​ ​and​ ​maintained​ ​under​ ​the​ ​oversight​ ​of​ ​the​ ​Organisation​ ​for​
​Economic​​Cooperation​​and​​Development​​(OECD),​​constitutes​​the​​primary​​public​​platform​​for​
​AOP​ ​development​ ​and​ ​dissemination​ ​(OECD,​ ​2017,​ ​2018).​ ​It​ ​structures​ ​mechanistic​
​knowledge​ ​grounded​ ​in​ ​expert​ ​curation​ ​and​​community​​contributions.​​Recent​​assessments​
​have​ ​revealed​ ​notable​ ​gaps​ ​and​ ​imbalances​ ​in​ ​the​ ​coverage​ ​of​ ​biological​ ​domains,​ ​with​
​cardiovascular​ ​mechanisms​ ​under-represented​ ​despite​​their​​regulatory​​relevance​​(Jaylet​​et​
​al.,​ ​2024).​ ​In​ ​particular,​ ​KEs​ ​such​ ​as​ ​oxidative​ ​stress​ ​and​ ​related​ ​processes,​ ​central​ ​to​
​cardiotoxicity,​ ​are​ ​inconsistently​ ​annotated​​or​​insufficiently​​linked​​to​​downstream​​outcomes.​
​Recent​ ​efforts​ ​have​ ​addressed​ ​these​ ​gaps​ ​by​ ​promoting​ ​harmonised​ ​KE​ ​terminology,​
​advancing​ ​data-driven​ ​mapping​ ​approaches​ ​(Mortensen​ ​et​ ​al.,​ ​2022,​ ​2025;​ ​Tanabe​ ​et​ ​al.,​
​2022, 2023; Wittwehr et al., 2023, 2025).​

​Extending​ ​this​ ​approach​ ​to​ ​the​ ​heart​ ​requires​ ​adapting​ ​established​ ​network-based​
​methodologies​ ​to​ ​the​ ​specific​ ​mechanistic​ ​landscape​ ​of​ ​cardiotoxicity.​ ​The​
​cardiotoxicity-focused​​network​​presented​​in​​this​​work​​builds​​on​​the​​modular​​structure​​of​​the​
​AOP-Wiki​ ​to​ ​integrate​ ​dispersed​ ​information​ ​into​ ​a​ ​coherent​ ​and​ ​biologically​ ​relevant​
​network.​​To​​our​​knowledge,​​this​​is​​the​​first​​network-level​​integration​​of​​AOP-Wiki​​resources,​
​specifically​ ​focused​ ​on​ ​cardiotoxicity,​ ​providing​ ​a​ ​systematic​​map​​of​​how​​chemical-induced​
​events​ ​propagate​ ​to​ ​cardiac​ ​outcomes.​ ​The​ ​resulting​ ​representation​ ​facilitates​ ​the​
​identification​​of​​recurrent​​KEs​​across​​different​​contexts,​​highlighting​​shared​​mechanisms​​and​
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​systemic​ ​contributors,​​such​​as​​cardio-renal​​interactions.​​These​​cross-cutting​​events​​are​​not​
​merely​ ​descriptive,​ ​as​ ​they​ ​are​ ​prioritised​ ​through​ ​network​ ​topological​ ​metrics​ ​to​ ​inform​
​assay​ ​selection,​ ​identify​ ​mechanistic​ ​gaps,​ ​and​ ​support​ ​the​ ​development​ ​of​ ​quantitative​
​models​ ​for​ ​predictive​ ​toxicology.​ ​This​ ​resource​​therefore​​represents​​both​​a​​conceptual​​and​
​operational​ ​advance,​​offering​​a​​foundational​​scaffold​​for​​integrating​​existing​​data,​​designing​
​test​ ​batteries,​ ​and​ ​anchoring​ ​new​ ​methods​ ​to​ ​clinically​ ​relevant​ ​mechanisms.​ ​Prior​
​applications​ ​in​ ​liver,​ ​kidney,​ ​endocrine​ ​and​ ​nervous​ ​system​ ​toxicology​ ​have​ ​demonstrated​
​the​​utility​​of​​this​​strategy​​in​​identifying​​mechanistically​​anchored,​​measurable​​and​​biologically​
​relevant​​KEs​​(Arnesdotter​​et​​al.,​​2021;​​Barnes​​et​​al.,​​2024;​​Spinu​​et​​al.,​​2019;​​Wiklund​​et​​al.,​
​2023).​​In​​this​​study,​​we​​apply​​a​​transparent​​screening​​and​​curation​​workflow​​to​​the​​AOP-Wiki​
​to​​assemble​​and​​characterise​​an​​AOP​​network​​for​​cardiotoxicity,​​with​​the​​goal​​of​​identifying​
​relevant​ ​KEs​​as​​a​​foundation​​for​​future​​animal-free​​and​​human-relevant​​quantitative​​in​​vitro​
​and​​in silico​​toxicity predictions.​

​2. Methods​

​We​ ​built​ ​a​ ​data-driven​ ​AOP​ ​network​​following​​already​​established​​methods​​(Arnesdotter​​et​
​al.,​ ​2021;​ ​Barnes​ ​et​ ​al.,​ ​2024;​ ​Spinu​ ​et​ ​al.,​ ​2019;​ ​Wiklund​ ​et​ ​al.,​ ​2023).​​Briefly,​​it​​includes​
​definition​​of​​purpose,​​data​​collection​​and​​screening​​process,​​inclusion​​and​​exclusion​​criteria,​
​data​ ​curation​ ​and​ ​harmonisation,​ ​and​ ​network​ ​building,​ ​followed​ ​by​ ​a​ ​comprehensive​
​analysis​ ​as​ ​previously​ ​described​ ​(Villeneuve​ ​et​ ​al.,​ ​2014).​ ​We​ ​also​ ​mapped​ ​the​ ​KE​
​quantification​ ​methods​ ​reported​ ​at​ ​AOP-Wiki​ ​and​​built​​an​​interactive​​catalogue​​that​​can​​be​
​displayed in an interactive version of the network, as described in the sections below.​

​2.1 Definition of purpose​

​This​ ​study​ ​aimed​ ​to​ ​identify,​ ​describe,​ ​and​ ​investigate​ ​the​ ​mechanisms​ ​of​ ​cardiotoxicity​
​caused​ ​by​ ​chemical​ ​stimuli​ ​previously​ ​documented​ ​in​ ​the​ ​AOP-Wiki​ ​database.​ ​AOPs​
​describing​ ​cardiotoxicity​ ​and​ ​the​ ​KEs​ ​associated​ ​with​ ​cardiotoxic​ ​mechanisms​ ​were​
​integrated​​into​​an​​AOP​​network​​and​​analysed​​to​​better​​understand​​the​​relationships​​between​
​MIEs and adverse outcomes in the heart.​

​2.2 Data collection and screening process​

​A​​manual​​search​​of​​the​​AOP-Wiki​​(​​https://aopwiki.org/​​)​​was​​conducted​​on​​August​​12,​​2025,​
​to​ ​identify​ ​individual​ ​AOPs​ ​concerning​ ​cardiotoxicity.​ ​The​ ​Key​ ​Events​ ​dataset​ ​was​
​downloaded​ ​(​​https://aopwiki.org/downloads/aop_ke_mie_ao.tsv​​)​ ​and​ ​searched​ ​for​ ​KEs​​and​
​AOs​​associated​​with​​cardiotoxicity​​using​​the​​following​​keywords:​​"heart",​​"cardio",​​"cardiac",​
​"ventricular",​ ​"ventricle",​ ​"myocardial",​ ​"myocardium",​ ​"atrial",​ ​"atrio",​ ​and​ ​"atrium"​
​(Supplementary Data S1).​

​We​ ​intentionally​ ​excluded​ ​vascular-related​ ​keywords​ ​from​ ​the​ ​KEs​ ​screening​​because​​this​
​study​​focused​​specifically​​on​​toxicological​​mechanisms​​primarily​​affecting​​cardiac​​tissue​​and​
​function.​ ​While​ ​vascular​​dysfunction​​can​​secondarily​​influence​​the​​heart,​​such​​mechanisms​
​fall​ ​outside​ ​the​ ​defined​ ​scope​ ​of​ ​this​ ​network,​ ​which​ ​targets​ ​MIEs​ ​and​ ​KEs​ ​with​ ​a​ ​direct​
​mechanistic​ ​link​ ​to​ ​the​ ​heart.​ ​As​ ​is​ ​evident​ ​in​ ​the​ ​results,​ ​some​ ​vascular-related​ ​or​ ​other​
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​non-myocardium-related​​KEs​​are​​present​​in​​the​​final​​network,​​which​​can​​be​​justified​​for​​their​
​presence in larger and cross-organ AOPs selected based on the inclusion/exclusion criteria.​

​This​ ​initial​ ​search​ ​identified​ ​19​ ​AOPs​ ​containing​ ​KEs​ ​related​ ​to​ ​cardiotoxicity:​ ​AOP:16,​
​AOP:21,​ ​AOP:94,​ ​AOP:104,​ ​AOP:138,​ ​AOP:150,​ ​AOP:177,​​AOP:186,​​AOP:261,​​AOP:304,​
​AOP:377,​ ​AOP:426,​ ​AOP:427,​ ​AOP:433,​ ​AOP:436,​ ​AOP:456,​ ​AOP:479,​ ​AOP:480,​ ​and​
​AOP:539.​​A​​subsequent​​manual​​search​​for​​AOP​​titles​​using​​the​​same​​keywords​​directly​​on​
​the database identified three additional AOPs: AOP:438, AOP:448, and AOP:515.​

​2.3 Inclusion and exclusion criteria​

​AOPs​ ​were​ ​assessed​ ​and​ ​included​ ​based​ ​on​ ​the​ ​presence​ ​of​ ​a​ ​cardiotoxicity-related​ ​key​
​event (KE) or adverse outcome (AO). AOPs were excluded based on the following criteria:​

​●​ ​Lack of KER information (n = 3): AOP:186, AOP:377, AOP:448.​

​●​ ​All rights reserved & no permission granted (n = 2): AOP:438, AOP:515.​

​●​ ​COVID-19-related (n = 2): AOP:426, AOP:427.​

​●​ ​Vasculature & development-related (n = 2): AOP:304, AOP:436.​

​●​ ​Fish-specific (n=1): AOP:539.​

​Although​​other​​AOPs​​also​​include​​fish​​in​​their​​taxonomy​​domain,​​AOP:539​​was​​the​​only​​one​
​among​ ​them​ ​specifically​ ​designed​ ​for​ ​freshwater​ ​fish​ ​species,​ ​including​ ​the​ ​“KE2236​ ​-​
​Decreased,​​Sodium​​uptake​​in​​gills”,​​which​​led​​to​​its​​exclusion​​from​​the​​analysis.​​At​​the​​time​
​of​ ​this​ ​publication,​ ​no​ ​reuse​ ​permission​ ​was​ ​obtained​ ​from​ ​the​ ​AOPs​ ​with​ ​an​ ​“all​ ​rights​
​reserved” licence, leading to exclusion from the analysis.​

​Figure​​1​​illustrates​​the​​screening​​process.​​One​​AOP​​(AOP:448)​​was​​initially​​excluded​​due​​to​
​lack​ ​of​ ​KERs​ ​information​ ​in​ ​the​ ​AOP-Wiki​ ​database.​ ​However,​​a​​publication​​regarding​​this​
​AOP​ ​was​ ​identified,​ ​and​ ​it​ ​was​ ​subsequently​ ​re-included​ ​in​ ​the​ ​analysis.​ ​Supplementary​
​Data S2 contains an overview of the AOPs screened.​
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​Figure​ ​1.​ ​AOP-Wiki​ ​screening​ ​process​ ​for​ ​cardiotoxicity-related​ ​Adverse​ ​Outcome​
​Pathways.​

​2.4 Key event harmonisation​

​To​ ​ensure​ ​consistency​ ​in​ ​the​ ​network​ ​analysis,​​Key​​Event​​(KE)​​titles​​with​​similar​​biological​
​meanings​ ​or​ ​functions​ ​were​ ​merged.​ ​Duplicated​ ​KEs​ ​were​ ​identified​ ​and​ ​grouped​ ​under​
​common​ ​terms.​ ​In​ ​addition,​ ​we​ ​standardised​ ​nomenclature​ ​with​ ​uppercase​ ​letters​ ​at​ ​the​
​beginning​ ​of​ ​the​ ​names​ ​and​ ​removed​ ​NA​ ​entries.​ ​The​ ​complete​ ​harmonised​ ​data​ ​can​ ​be​
​found in Supplementary Data S3.​

​2.5 Network building and visualization​

​Next,​ ​AOP​ ​data​ ​was​ ​extracted​ ​manually​ ​from​ ​each​ ​entry​ ​and/or​ ​their​ ​related​​publications.​
​The​ ​data​ ​was​ ​consolidated​ ​in​ ​a​ ​spreadsheet​ ​and​ ​cleaned​ ​by​ ​keeping​ ​only​ ​the​ ​columns​
​necessary​ ​for​ ​data​ ​visualization​ ​and​ ​analysis​ ​(Supplementary​ ​Data​ ​S4​ ​&​ ​S5),​ ​which​ ​was​
​used for the network building and subsequent analysis.​

​The​ ​AOP​ ​network​ ​was​ ​built​ ​using​​the​​open-source​​software​​platform​​Cytoscape​​(v.​​3.10.4;​
​https://cytoscape.org/​​)​ ​(Shannon​ ​et​ ​al.,​ ​2003).​ ​The​ ​network​ ​was​ ​automatically​ ​organised​
​using​​the​​yFiles​​Hierarchic​​Layout​​algorithm.​​Additional​​annotations,​​including​​KE​​adjacency​
​(edge​ ​type​ ​–​ ​dotted​ ​or​ ​continuous)​ ​and​ ​type​ ​(node​ ​colour),​ ​were​ ​added​ ​to​ ​enhance​ ​the​
​clarity​​of​​the​​network's​​visual​​components.​​Supplementary​​Data​​S6​​contains​​node​​attributes​
​and​​was​​used​​to​​support​​the​​visualisation​​generation.​​KEs​​were​​represented​​as​​nodes​​in​​the​
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​network​ ​and​ ​classified​ ​as​ ​MIEs​ ​(green),​ ​KEs​ ​(yellow),​ ​or​ ​AOs​ ​(red).​ ​Adjacent​ ​Key​ ​Event​
​Relationships​ ​(KERs)​ ​were​ ​represented​​as​​directed​​continuous​​edges​​(connecting​​arrows),​
​and​ ​non-adjacent​ ​KERs​ ​were​ ​represented​ ​as​ ​directed​ ​dotted​ ​edges,​ ​linking​​upstream​​and​
​downstream KEs. The final network representation is shown in Figure 2.​

​Figure​​2​​.​​Adverse​​Outcome​​Pathway​​network​​of​​13​​AOPs​​of​​cardiotoxicity​​available​​on​​the​
​AOP-Wiki as of August 12, 2025.​

​2.6 Network analysis​

​The​ ​distribution​ ​of​ ​node​ ​types​ ​was​ ​quantified​ ​to​ ​assess​ ​the​ ​proportional​ ​representation​ ​of​
​event​ ​types​ ​in​​the​​cardiotoxicity​​network.​​Node​​relationships​​were​​categorised​​according​​to​
​their​ ​adjacency​ ​(adjacent​ ​vs.​ ​non-adjacent)​ ​and​ ​the​ ​level​ ​of​ ​supporting​ ​evidence​ ​(high,​
​moderate,​​or​​unspecified).​​Evidence​​levels​​and​​the​​degree​​of​​quantitative​​understanding​​for​
​each​ ​relationship​ ​were​ ​extracted​ ​from​ ​AOP-Wiki​ ​entries​ ​and​ ​categorised​ ​accordingly.​ ​For​
​analysis​​purposes,​​evidence​​levels​​labelled​​as​​“High”​​or​​“Strong”​​were​​grouped​​under​​“High,”​
​while “Not Specified” and “NA” were consolidated under “Not Specified.”​

​The​ ​Cytoscape​ ​Network​ ​Analyzer​ ​tool​ ​was​ ​used​ ​to​ ​compute​ ​standard​ ​network​ ​metrics​
​considering​ ​a​ ​directed​ ​network.​ ​Several​ ​network​ ​metrics​ ​were​ ​calculated​​to​​identify​​critical​
​nodes.​​The​​betweenness​​centrality​​was​​calculated​​for​​each​​node​​to​​measure​​its​​importance​
​as​ ​a​ ​bridge​ ​connecting​ ​different​ ​parts​ ​of​ ​the​ ​network.​ ​Total​ ​degree​ ​(sum​ ​of​ ​in-degree​ ​and​
​out-degree)​ ​was​ ​calculated​ ​for​ ​each​ ​node​ ​to​ ​identify​ ​the​ ​most​ ​connected​ ​nodes​ ​in​ ​the​
​network.​​Stress​​centrality​​was​​calculated​​to​​identify​​critical​​convergence​​hubs,​​measuring​​the​
​total​ ​number​ ​of​ ​shortest​ ​paths​ ​passing​​through​​a​​node.​​A​​combined​​importance​​score​​was​
​computed​​by​​normalising​​and​​summing​​the​​above​​centrality​​measures​​to​​identify​​the​​overall​
​most critical nodes in the network.​

​Nodes​ ​were​ ​classified​ ​as​ ​convergent​ ​or​ ​divergent​ ​based​ ​on​ ​their​ ​connectivity​ ​patterns.​
​Convergent​ ​nodes​ ​were​ ​considered​ ​those​ ​with​ ​more​ ​incoming​ ​connections​ ​than​ ​outgoing​
​(in-degree​ ​>​ ​out-degree).​ ​On​ ​the​ ​contrary,​ ​divergent​ ​nodes​ ​are​ ​those​ ​with​ ​more​ ​outgoing​
​connections​ ​than​ ​incoming​ ​(out-degree​ ​>​ ​in-degree).​ ​This​​classification​​helped​​identify​​key​
​regulatory points and potential intervention targets within the cardiotoxicity network.​

​Overall​ ​network​ ​metric​ ​results​ ​can​ ​be​ ​found​ ​in​ ​Supplementary​ ​Data​ ​S7.​ ​A​ ​reproducible​ ​R​
​script for this analysis is provided in Supplementary Scripts.​
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​The​ ​Pesca3.0​ ​Cytoscape​ ​plugin​ ​(​​https://apps.cytoscape.org/apps/pesca30​​)​ ​was​ ​used​ ​to​
​compute​ ​the​ ​simple​ ​path​ ​occurrence​ ​(Scardoni​ ​et​ ​al.,​ ​2015),​ ​which​ ​represents​ ​a​ ​more​
​appropriate​ ​metric​ ​for​ ​betweenness​ ​centrality​ ​in​ ​the​ ​AOP​ ​network​ ​context​ ​(Barnes​ ​et​ ​al.,​
​2024).​ ​The​ ​distribution​ ​of​ ​path​ ​lengths​ ​within​​the​​network​​was​​analysed​​to​​assess​​network​
​compactness​ ​and​ ​efficiency​ ​in​ ​information​ ​flow.​ ​For​ ​each​ ​KE,​​simple​​path​​occurrence​​was​
​defined​ ​as​ ​the​ ​number​ ​of​ ​distinct​ ​MIE​ ​to​ ​AO​ ​simple​ ​paths​ ​in​ ​which​​the​​KE​​appears​​as​​an​
​internal​​node.​​This​​was​​visualised​​as​​a​​histogram​​showing​​the​​frequency​​of​​paths​​of​​different​
​lengths. Simple path metrics can be found in Supplementary Data S8.​

​2.7 Cataloguing methods for KE detection​

​A​ ​catalogue​ ​of​ ​detection​ ​methods​ ​was​ ​built​ ​by​ ​collecting​ ​and​ ​organising​ ​information​
​available​​at​​each​​KE​​unique​​page​​in​​AOP-Wiki,​​especially​​in​​the​​section​​“How​​It​​Is​​Measured​
​or​ ​Detected”.​ ​The​ ​section​ ​text​ ​from​ ​each​ ​KE​ ​was​ ​automatically​ ​retrieved​ ​from​ ​the​ ​latest​
​release​ ​of​ ​the​ ​AOP-Wiki​ ​XML​ ​database​ ​(version​ ​2025-07-01)​ ​available​ ​at​
​https://aopwiki.org/downloads/aop-wiki-xml-2025-07-01.gz​​.​​We​​extracted​​the​​text​​for​​all​​KEs​
​present​ ​in​ ​our​ ​network​ ​(script​ ​provided​ ​in​ ​Supplementary​ ​Scripts),​ ​organised,​ ​checked​
​manually​ ​AOP-Wiki​ ​entries​ ​for​ ​missing​​data​​and​​summarised​​the​​information​​available​​in​​a​
​catalogue, which is available as Supplementary Data S9.​

​2.8 Interactive visualization of the AOP network and related data​

​Following​​the​​example​​of​​Mazein​​et​​al.​​(2025),​​we​​prepared​​an​​online​​interactive​​version​​of​
​the​​AOP​​network​​for​​user​​exploration​​and​​for​​network​​interoperability,​​reuse​​and​​sharing.​​For​
​this,​​an​​SBML​​representation​​of​​the​​AOP​​network​​was​​generated​​using​​a​​dedicated​​R​​script​
​based​ ​on​ ​the​ ​minervar​ ​package​ ​(Gawron​ ​et​ ​al.,​ ​2023).​​To​​this​​end,​​the​​network​​data​​were​
​pre-processed,​ ​annotated,​ ​and​ ​converted​ ​into​ ​a​ ​CellDesigner-compatible​ ​SBML​ ​format​
​(Funahashi​ ​et​ ​al.,​ ​2008).​ ​Due​​to​​CellDesigner​​constraints,​​the​​two​​self-loops​​present​​in​​the​
​network​ ​could​ ​not​ ​be​ ​represented​ ​in​ ​this​ ​interactive​ ​version.​ ​The​ ​network​ ​layout​​was​​then​
​manually​​curated​​within​​CellDesigner.​​Context​​annotations​​(e.g.,​​biological​​level​​and​​organ-​
​or​​cell-type​​where​​the​​KE​​happens)​​were​​assigned​​to​​KEs​​in​​order​​to​​organise​​the​​network​​in​
​a​ ​context-specific​ ​manner,​ ​visualising​ ​KEs​ ​on​ ​top​ ​of​ ​the​ ​cells,​ ​organs,​ ​compartments,​ ​or​
​human-scale​ ​level.​ ​The​ ​context​ ​annotations​ ​can​ ​be​ ​found​ ​in​ ​Supplementary​​Data​​S6.​​The​
​final​ ​model​ ​was​ ​deployed​ ​on​ ​the​ ​MINERVA​ ​(Molecular​ ​Interaction​ ​NEtwoRk​​VisuAlization)​
​platform​ ​(Hoksza​ ​et​ ​al.,​ ​2020)​ ​for​ ​interactive​ ​exploration​ ​and​ ​is​ ​accessible​ ​online​ ​at​
​http://cardiotox.elixir-luxembourg.org/​​.​

​To​ ​illustrate​ ​evidence​ ​levels​ ​and​ ​the​ ​degree​ ​of​ ​quantitative​ ​understanding​ ​for​ ​each​ ​KER,​
​annotations​ ​from​ ​AOP-Wiki​​were​​processed​​and​​visualised​​as​​overlays​​within​​MINERVA.​​A​
​reproducible​ ​R​ ​script​ ​for​ ​handling​ ​categorical​ ​data​ ​overlay​ ​is​ ​provided​ ​in​ ​Supplementary​
​Scripts.​ ​This​ ​script​ ​formats​ ​data​ ​according​ ​to​ ​MINERVA’s​ ​overlay​ ​specifications,​ ​including​
​standardised​ ​headers​ ​with​ ​version​ ​information,​ ​descriptive​​labels,​​and​​descriptions.​​Output​
​files​ ​were​ ​exported​ ​as​ ​tab-separated​ ​text​ ​files​ ​compatible​ ​with​ ​MINERVA’s​ ​overlay​
​visualisation engine.​

​It​ ​is​ ​important​ ​to​ ​note​ ​that​ ​different​ ​data​ ​types​ ​may​ ​require​​tailored​​processing​​to​​optimise​
​visualisation​ ​within​ ​the​ ​MINERVA​ ​environment.​ ​Users​ ​are​ ​encouraged​ ​to​ ​consult​ ​the​
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​MINERVA​​User​​Manual​​at​​https://minerva.pages.uni.lu/doc/​​for​​detailed​​guidance​​on​​creating​
​fit-for-purpose overlays.​

​Moreover,​ ​a​ ​MINERVA​ ​plugin​ ​(Hoksza​ ​et​ ​al.,​ ​2019)​ ​was​ ​prepared​ ​to​ ​dynamically​ ​map​ ​KE​
​detection​ ​methods​ ​to​ ​the​ ​displayed​ ​network.​ ​For​​that,​​a​​JavaScript​​plugin​​was​​designed​​to​
​access​​and​​display​​information​​from​​a​​Google​​Spreadsheet,​​map​​the​​information​​against​​the​
​nodes​​in​​the​​network​​and​​tag​​the​​nodes​​dynamically​​displayed​​in​​the​​plugin​​table.​​The​​data​
​source​ ​used​ ​is​​the​​catalogue​​of​​methods​​for​​KE​​detection​​built​​from​​AOP-Wiki​​entries.​​The​
​plugin​ ​source​ ​code​ ​can​ ​be​ ​accessed​ ​via​
​https://github.com/luiz-ladeira/cardiotox_aop_minerva_plugin​ ​and​ ​the​ ​plugin​ ​can​​be​​used​​in​
​the​ ​MINERVA​ ​platform​ ​by​ ​loading​ ​it​ ​with​ ​the​ ​following​ ​link:​
​https://raw.githubusercontent.com/luiz-ladeira/cardiotox_aop_minerva_plugin/master/plugin.j​
​s​​.​

​2.9 Software​

​All​ ​the​ ​analyses​ ​were​ ​done​ ​using​ ​R​ ​version​ ​4.4.0​ ​(2024-04-24​ ​ucrt)​ ​(​​R​ ​Core​​Team,​​2024​​)​
​and​​R​​Studio​​version​​2023.12.1.402​​(Ocean​​Storm)​​(​​Posit​​team,​​2024​​).​​Visualisation​​of​​the​
​network​ ​was​ ​generated​​using​​Cytoscape​​version​​3.10.4​​(Shannon​​et​​al.,​​2003)​​and​​graphs​
​were​ ​generated​ ​using​ ​ggplot2​ ​(Wickham,​ ​2016).​ ​The​ ​network​ ​layout​ ​was​ ​curated​ ​in​
​CellDesigner​​version​​4.4​​(Funahashi​​et​​al.,​​2008).​​Interactive​​visualisation​​is​​provided​​using​
​the​ ​MINERVA​ ​platform​ ​version​ ​19​ ​(​​Hoksza​ ​et​ ​al.,​ ​2019​​).​ ​All​ ​scripts​ ​are​ ​provided​ ​in​
​Supplementary Scripts.​

​3. Results​

​3.1 Assembling the cardiotoxicity AOP network​

​A​​total​​of​​22​​linear​​AOPs​​were​​initially​​identified​​through​​a​​manual​​AOP-Wiki​​search​​and​​title​
​screening​​(Figure​​1).​​After​​applying​​the​​predefined​​inclusion​​and​​exclusion​​criteria,​​13​​AOPs​
​were​ ​retained​ ​for​ ​inclusion​ ​in​ ​the​ ​cardiotoxicity​ ​network​ ​(Supplementary​ ​Data​ ​S2).​ ​These​
​selected​ ​AOPs​​reflect​​a​​diverse​​array​​of​​initiating​​mechanisms​​and​​AOs​​relevant​​to​​cardiac​
​toxicity.​ ​MIEs​ ​included​ ​acetylcholinesterase​ ​inhibition​ ​(AOP:16),​ ​aryl​ ​hydrocarbon​ ​receptor​
​(AhR)​ ​activation​ ​(AOPs:21,​ ​150,​ ​456),​ ​ion​ ​channel​ ​perturbations​ ​such​ ​as​ ​sodium​ ​channel​
​inhibition​ ​and​ ​hERG​​channel​​blockade​​(AOPs:94,​​104,​​433),​​and​​inhibition​​of​​mitochondrial​
​electron​ ​transport​ ​chain​ ​complexes​ ​(AOPs:479,​ ​480).​ ​The​ ​resulting​ ​AOs​ ​ranged​ ​from​
​non-specific​​endpoints​​like​​increased​​mortality​​to​​more​​organ-specific​​manifestations​​such​​as​
​decreased​ ​left​ ​ventricular​ ​function,​ ​heart​ ​failure,​ ​and​ ​sudden​ ​cardiac​ ​death.​ ​Three​ ​AOPs​
​(AOPs:21,​​150,​​456)​​have​​received​​OECD​​endorsement​​or​​are​​currently​​under​​review,​​while​
​the remaining are still under development or have not yet undergone formal evaluation.​

​Although​ ​AOP:433​ ​targets​ ​“sudden​ ​cardiac​ ​death”​ ​in​ ​AOP-Wiki,​ ​during​ ​KE​ ​harmonisation​
​this​​outcome​​was​​consolidated​​under​​“Heart​​failure​​(KE1535,​​KE1964)”​​to​​avoid​​duplication​
​and​​maintain​​a​​compact​​AO​​layer​​(Supplementary​​Data​​S3).​​AOP:448​​was​​included​​despite​
​lacking​ ​formally​ ​defined​ ​MIE​ ​and​ ​AO​ ​annotations​ ​in​ ​the​ ​AOP-Wiki,​ ​as​ ​its​ ​structure​ ​and​
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​mechanistic​ ​components​ ​are​ ​comprehensively​ ​described​ ​in​ ​an​ ​associated​ ​peer-reviewed​
​publication​ ​(Ding​ ​et​ ​al.,​ ​2022).​ ​Similarly,​ ​additional​ ​AOPs​ ​included​ ​in​ ​the​ ​network​ ​are​
​supported​ ​by​ ​published​ ​literature​ ​that​ ​complements​ ​or​ ​expands​ ​upon​ ​the​ ​information​
​available​​in​​the​​AOP-Wiki.​​For​​instance,​​the​​current​​status​​of​​AOP:16​​on​​AOP-Wiki​​is​​“under​
​development”​ ​but​ ​has​ ​its​ ​mechanistic​ ​basis​ ​and​ ​key​ ​relationships​ ​detailed​ ​in​ ​a​ ​published​
​article​ ​(Russom​ ​et​ ​al.,​ ​2014),​ ​while​ ​AOPs:21​ ​and​ ​150​ ​are​ ​both​ ​OECD-endorsed​ ​and​
​described​ ​in​ ​formal​ ​OECD​ ​Series​ ​reports​ ​(Amani​ ​Farhat​ ​&​ ​Sean​ ​W.​ ​Kennedy,​ ​2019;​ ​Jon​
​Doering​ ​et​ ​al.,​ ​2019).​ ​AOP:456,​ ​which​ ​is​ ​currently​ ​“under​ ​review”​​on​​the​​database,​​is​​also​
​accompanied​​by​​a​​peer-reviewed​​article​​providing​​additional​​context​​and​​evidence​​(Shankar​
​&​ ​Villeneuve,​ ​2023).​ ​These​ ​publications​ ​enriched​ ​the​ ​datasets​ ​by​ ​providing​ ​mechanistic​
​detail,​ ​empirical​ ​evidence,​ ​and​ ​contextual​ ​information​ ​that,​ ​in​ ​some​ ​cases,​ ​were​ ​not​ ​fully​
​captured in the AOP-Wiki entries alone.​

​An​ ​overview​ ​of​ ​the​ ​AOPs​ ​represented​​in​​the​​final​​network,​​as​​recorded​​in​​the​​AOP-Wiki​​at​
​the time of the data collection, is provided in Table 1.​

​Table​​1.​​Adverse​​Outcome​​Pathways​​extracted​​from​​AOP-Wiki​​to​​compose​​the​​cardiotoxicity​
​AOP​ ​network.​ ​MIE:​ ​Molecular​ ​Initiating​ ​Event.​ ​AO:​​Adverse​​Outcome.​​OECD​​Organisation​
​for Economic Co-operation and Development.​

​ID​ ​Title​ ​MIE​ ​AO​ ​OECD status​ ​Available at:​

​16​
​Acetylcholinesterase inhibition​
​leading to acute mortality​

​Acetylcholinestera​
​se (AchE)​
​Inhibition​

​Increased Mortality;​
​Decrease, Population​
​growth rate​ ​Under Development​

​https://aopwiki.or​
​g/aops/16​

​21​

​Aryl hydrocarbon receptor activation​
​leading to early life stage mortality,​
​via increased COX-2​ ​Activation, AhR​ ​NA​

​WPHA/WNT​
​Endorsed​

​https://aopwiki.or​
​g/aops/21​

​94​
​Sodium channel inhibition leading to​
​congenital malformations​

​Inhibition, sodium​
​channel​

​Increased,​
​amputations​ ​NA​

​https://aopwiki.or​
​g/aops/94​

​138​

​Organic anion transporter (OAT1)​
​inhibition leading to renal failure and​
​mortality​

​Inhibition, organic​
​anion transporter​
​1 (OAT1)​

​Increased Mortality;​
​Decrease, Population​
​growth rate​ ​NA​

​https://aopwiki.or​
​g/aops/138​

​104​
​Altered ion channel activity leading​
​impaired heart function​

​Impaired, ion​
​channels​ ​Increased Mortality​ ​NA​

​https://aopwiki.or​
​g/aops/104​

​150​

​Aryl hydrocarbon receptor activation​
​leading to early life stage mortality,​
​via reduced VEGF​ ​Activation, AhR​

​Increase, Early Life​
​Stage Mortality​

​WPHA/WNT​
​Endorsed​

​https://aopwiki.or​
​g/aops/150​

​177​
​Cyclooxygenase 1 (COX1) inhibition​
​leading to renal failure and mortality​

​Inhibition,​
​Cyclooxygenase 1​
​activity​

​Increased Mortality;​
​Decrease, Population​
​growth rate​ ​NA​

​https://aopwiki.or​
​g/aops/177​

​261​

​L-type calcium channel blockade​
​leading to heart failure via decrease​
​in cardiac contractility​

​Blockade, L-Type​
​Calcium Channels​ ​Heart failure​ ​Under Development​

​https://aopwiki.or​
​g/aops/261​

​433​
​hERG channel blockade leading to​
​sudden cardiac death​

​hERG channel​
​blockade​ ​Sudden cardiac death​ ​NA​

​https://aopwiki.or​
​g/aops/433​

​448​

​ROS, inflammation, and activation​
​of nAChR lead to increased​
​incidence of cardiovascular​
​morbidity and mortality​ ​NA​ ​NA​ ​NA​

​https://aopwiki.or​
​g/aops/448​
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​456​

​Aryl hydrocarbon receptor activation​
​leading to early life stage mortality​
​via sox9 repression induced​
​cardiovascular toxicity​ ​Activation, AhR​

​Increase, Early Life​
​Stage Mortality​ ​Under Review​

​https://aopwiki.or​
​g/aops/456​

​479​

​Mitochondrial complexes inhibition​
​leading to left ventricular function​
​decrease via increased myocardial​
​oxidative stress​

​Inhibition,​
​Mitochondrial​
​Electron Transport​
​Chain Complexes​

​Decrease Left​
​Ventricular function​ ​Under Development​

​https://aopwiki.or​
​g/aops/479​

​480​

​Mitochondrial complexes inhibition​
​leading to heart failure via​
​decreased ATP production​

​Inhibition,​
​Mitochondrial​
​Electron Transport​
​Chain Complexes​

​Decrease Left​
​Ventricular function​ ​Under Development​

​https://aopwiki.or​
​g/aops/480​

​Following​ ​KE​ ​harmonisation,​ ​the​ ​final​ ​network​ ​included​ ​64​ ​nodes​ ​and​ ​94​ ​directed​ ​edges,​
​representing​ ​11​ ​MIEs,​ ​48​ ​KEs,​ ​and​ ​5​ ​AOs​​(Figure​​3A).​​Adjacent​​KERs​​comprised​​86.17%​
​(n=81)​ ​of​ ​all​ ​connections,​ ​while​ ​13.83%​ ​(n=13)​ ​were​ ​non-adjacent​ ​links​ ​integrated​ ​to​
​preserve​​biological​​coherence​​across​​divergent​​AOP​​structures​​(Figure​​3B).​​KE​​sharing​​was​
​predominantly​ ​skewed​ ​toward​ ​single-occurring​ ​nodes,​​yet​​a​​subset​​served​​as​​cross-cutting​
​integrators.​​Of​​the​​total​​64​​KEs,​​47​​(73,44%)​​appeared​​in​​a​​single​​AOP,​​10​​(15.63%)​​in​​two,​
​5​ ​(7.81%)​ ​in​ ​three,​ ​and​ ​one​ ​each​ ​(1,56%)​ ​in​ ​four​ ​and​ ​eight​ ​AOPs.​ ​“Increased​ ​Mortality​
​(KE351,​ ​KE947,​ ​KE1929)”​ ​was​​the​​most​​recurrent​​(8​​AOPs),​​followed​​by​​“Oxidative​​Stress​
​(KE1392,​​KE1115)”​​(4​​AOPs).​​Clusters​​of​​KEs​​sharing​​three​​AOPs​​were​​observed​​along​​the​
​AhR​ ​axis​ ​(“Activation,​ ​AhR”;​ ​“Dimerization,​ ​AHR/ARNT”)​ ​and​ ​in​ ​cardiovascular​ ​function​
​(“Altered,​ ​Cardiovascular​ ​development/function”;​ ​“Decrease,​ ​Cardiac​ ​contractility”;​
​“Increased, cardiac arrhythmia”) (Supplementary Files).​
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​Figure​ ​3​​.​ ​Analysis​ ​summary​ ​of​ ​the​ ​cardiotoxicity​ ​AOP​ ​network.​ ​A​ ​-​ ​Key​ ​event​ ​type​
​distribution.​ ​B​ ​-​​Key​​event​​relationship​​type​​distribution.​​C​​-​​Top​​15​​nodes​​by​​occurrence​​in​
​simple​​paths.​​D​​-​​Eccentricity​​distribution.​​E​​-​​Evidence​​and​​quantitative​​understanding​​levels​
​of​ ​adjacent​ ​and​ ​non-adjacent​ ​key​ ​event​ ​relationships.​ ​KE:​ ​Key​ ​events;​ ​KER:​ ​Key​ ​event​
​relationship.​

​3.2 Structural and topological characterization​

​Analysis​ ​of​ ​the​ ​network​ ​structure​ ​demonstrated​ ​heterogeneous​ ​connectivity​ ​patterns​ ​with​
​hubs​​that​​bridge​​multiple​​mechanistic​​domains.​​The​​total​​degree​​had​​a​​mean​​of​​2.94​​and​​a​
​maximum​​of​​13.​​The​​most​​connected​​nodes​​were​​"Oxidative​​Stress​​(KE1392,​​KE1115)"​​and​
​"Increased​ ​Mortality​ ​(KE351,​ ​KE947,​ ​KE1929)",​ ​both​ ​with​ ​a​ ​total​ ​degree​ ​of​ ​13​ ​and​ ​12​
​respectively,​ ​followed​ ​by​ ​extra-cardiac​ ​integrators​ ​such​ ​as​ ​"Occurrence,​ ​renal​ ​proximal​
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​tubular​ ​necrosis​ ​(KE1104)"​ ​in​ ​3rd​ ​place​ ​and​ ​"Increased,​ ​blood​ ​uric​ ​acid​ ​concentration​
​(KE1096)"​​in​​7th​​place.​​These​​events​​acted​​as​​hubs,​​bridging​​multiple​​mechanistic​​domains​
​within the cardiotoxicity cascade.​

​The​ ​betweenness​ ​centrality​ ​ranked​ ​"Oxidative​ ​Stress​ ​(KE1392,​ ​KE1115)"​ ​as​ ​the​
​highest-betweenness​ ​node​ ​(1.23),​ ​followed​ ​by​ ​"Increased,​ ​blood​ ​uric​ ​acid​ ​concentration​
​(KE1096)"​​(0.49),​​and​​"Decrease,​​Cardiac​​contractility​​(KE1532)"​​(0.39).​​These​​nodes​​lie​​on​
​many​ ​of​ ​the​ ​shortest​ ​paths​ ​and​ ​are​ ​positioned​ ​to​ ​mediate​ ​communication​ ​between​
​mechanistic​ ​modules.​​Interestingly,​​the​​second-positioned​​KE​​and​​other​​top-ranked​​ones​​in​
​betweenness​ ​centrality​ ​occur​ ​outside​ ​the​ ​heart,​ ​in​ ​the​ ​kidneys,​ ​highlighting​ ​the​ ​systemic​
​nature of cardiac physiology and the cardio-renal interdependence.​

​The​ ​stress​ ​centrality​ ​reached​ ​its​ ​maximum​ ​values​ ​for​ ​key​ ​integrative​ ​nodes,​ ​most​ ​notably​
​“Oxidative​ ​Stress​ ​(KE1392,​ ​KE1115)”,​ ​“Increased​ ​Mortality​ ​(KE351,​ ​KE947,​​KE1929)”,​​and​
​“Endothelial​ ​cell​ ​dysfunction​ ​(KE1913,​ ​KE110)”.​ ​This​ ​pattern​ ​indicates​ ​that​ ​these​ ​nodes​
​serve​​as​​critical​​convergence​​points​​for​​a​​vast​​number​​of​​adverse​​pathways,​​consistent​​with​
​their roles as essential bridges between upstream initiators and downstream outcomes.​

​To​ ​capture​ ​multidimensional​ ​prominence,​ ​we​ ​computed​ ​a​ ​combined​ ​importance​ ​score.​ ​By​
​this​ ​index,​ ​"Oxidative​ ​Stress​ ​(KE1392,​ ​KE1115)"​ ​ranked​ ​first,​ ​followed​ ​by​ ​"Increased​
​Mortality​​(KE351,​​KE947,​​KE1929)",​​"Decrease,​​Cardiac​​contractility​​(KE1532)",​​"Endothelial​
​cell​​dysfunction​​(KE1913,​​KE110)"​​and​​"Increased,​​blood​​uric​​acid​​concentration​​(KE1096)".​
​These​ ​results​ ​indicate​ ​that​ ​oxidative​ ​stress​ ​and​ ​mortality​ ​function​ ​simultaneously​ ​as​
​mechanistic hubs and critical outcomes within the network.​

​Complete data on the topographic indicators can be found in Supplementary Data S7.​

​Directional​ ​balance​ ​was​ ​investigated​ ​through​ ​convergent/divergent​ ​status​ ​(Table​ ​2).​ ​We​
​identified​ ​14​ ​(21.9%)​ ​convergent​ ​nodes​ ​(downstream​ ​recipients​ ​with​ ​larger​ ​inflow),​ ​13​
​(20.3%)​ ​divergent​ ​nodes​ ​(upstream​​initiators​​with​​larger​​outflow),​​and​​37​​(57.8%)​​balanced​
​nodes.​

​Table 2.​​List of the identified convergent and divergent​​key events.​

​Convergent KEs​ ​Divergent KEs​

​Type​ ​Name​ ​Type​ ​Name​

​AO​ ​Increased Mortality​ ​KE​ ​Dimerization, AHR/ARNT​

​KE​ ​Altered, Cardiovascular development/function​ ​KE​ ​Cell injury/death​

​KE​ ​Occurrence, renal proximal tubular necrosis​ ​KE​ ​Decrease, Calcium currents​

​KE​ ​Atherosclerosis​ ​KE​ ​Increase, slincR expression​

​KE​ ​Cardiovascular dysregulation​ ​KE​ ​Increased, Vascular smooth muscle cell activation​

​AO​ ​Decrease LV function​ ​KE​ ​Increased, blood uric acid concentration​

​KE​ ​Decrease, Cardiac contractility​ ​KE​ ​Increased, secretion of catecholamine​

​AO​ ​Decrease, Population growth rate​ ​KE​ ​Occurrence, tophi (urate) deposition​
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​KE​ ​Decrease, sox9 expression​ ​KE​ ​Oxidative Stress​

​AO​ ​Heart failure​ ​KE​ ​Endothelial cell dysfunction​

​KE​ ​Increased, cardiac arrhythmia​ ​KE​ ​Mitochondrial dysfunction​

​KE​ ​Respiratory distress/arrest​ ​MIE​ ​AchE Inhibition​

​KE​ ​Vascular remodeling​ ​MIE​ ​Activation, AhR​

​KE​ ​Ventricular remodeling​

​Regarding​ ​simple​ ​path​ ​occurrence,​ ​the​ ​analysis​ ​highlighted​ ​a​ ​small​ ​set​ ​of​ ​recurrent​
​mediators.​ ​As​ ​shown​ ​in​ ​Figure​ ​3C,​ ​the​ ​fifteen​ ​nodes​​with​​the​​highest​​counts​​included​​KEs​
​taking​ ​place​ ​in​ ​the​ ​heart​ ​as​ ​"Oxidative​ ​Stress​ ​(KE1392,​ ​KE1115)",​ ​“Decrease,​ ​Cardiac​
​contractility​ ​(KE1532)”​ ​and​ ​“Mitochondrial​ ​dysfunction​ ​(KE177,​ ​KE40)”,​ ​as​ ​well​ ​as​ ​renal​
​physiology-related​ ​KEs,​ ​such​ ​as​ ​"Increased,​ ​blood​ ​uric​ ​acid​ ​concentration​ ​(KE1096)"​ ​and​
​"Occurrence,​ ​renal​ ​ischemia​ ​(KE1105)",​ ​among​ ​others.​ ​Top​ ​nodes​ ​are​ ​expected​ ​to​ ​recur​
​across​ ​many​ ​mechanistic​ ​routes,​ ​consistent​ ​with​ ​their​ ​strategic​ ​positions​ ​along​ ​alternative​
​trajectories.​ ​These​ ​findings​ ​suggest​ ​moderate​ ​network​ ​compactness​ ​and​ ​efficient​ ​signal​
​propagation between MIEs and AOs across multiple mechanistic routes.​

​Eccentricity​ ​complements​ ​degree-​ ​and​ ​path-based​ ​centralities​​by​​quantifying​​the​​maximum​
​distance​​from​​each​​key​​event​​to​​its​​farthest​​accessible​​downstream​​target.​​This​​index​​ranged​
​from​ ​0​ ​to​ ​7,​ ​with​ ​the​ ​majority​ ​of​ ​nodes​ ​clustered​ ​between​ ​scores​ ​of​ ​2​ ​and​ ​4​ ​(Figure​ ​3D).​
​Outcome-level​ ​nodes​ ​such​ ​as​ ​"Increased​ ​Mortality​ ​(KE351,​ ​KE947,​ ​KE1929)",​ ​"Decrease,​
​Cardiac​ ​ejection​ ​fraction​ ​(KE1533)",​ ​“Increase,​ ​Cardiac​ ​remodelling​ ​(KE2084)”​ ​and​
​“Torsades​ ​de​ ​Pointes​ ​(KE1963)”,​ ​among​ ​others,​ ​showed​ ​low​ ​eccentricity.​ ​This​ ​low​ ​score​
​confirms​​their​​topology​​as​​terminal​​or​​penultimate​​sink​​nodes,​​representing​​the​​endpoints​​of​
​biological​​cascades.​​High-eccentricity​​nodes,​​such​​as​ ​“Occurrence,​​tophi​​(urate)​​deposition​
​(KE1102)”​ ​and​ ​“Inhibition,​ ​Cyclooxygenase​ ​1​ ​activity​ ​(KE1103)”​ ​are​ ​peripheral​ ​initiators​
​whose effects require multiple steps to reach the final adverse outcomes.​

​3.3 Key Event Relationships: Evidence and Quantitative Understanding​

​Assessment​ ​of​ ​KER​ ​evidence​ ​and​ ​quantitative​ ​understanding​ ​included​ ​adjacent​ ​and​
​non-adjacent​​relationships​​for​​a​​broader​​evaluation​​of​​the​​network.​​Evidence​​levels​​revealed​
​that​ ​54.26%​ ​(n=51)​ ​were​ ​supported​ ​by​ ​high​ ​or​ ​strong​ ​evidence,​ ​15.96%​ ​(n=15)​ ​had​
​moderate​ ​support,​ ​4.25%​ ​(n=4)​ ​presented​ ​low​ ​levels​ ​of​ ​evidence,​ ​while​ ​25.53%​ ​(n=24)​
​lacked​ ​specified​ ​evidence​ ​levels​ ​(Figure​ ​3E).​ ​Similarly,​ ​the​ ​degree​ ​of​ ​quantitative​
​understanding​​was​​limited,​​with​​only​​37.2%​​(n=35)​​of​​KERs​​associated​​with​​any​​quantitative​
​level​ ​of​ ​understanding.​ ​This​ ​highlights​ ​persistent​ ​gaps​ ​that​ ​may​ ​hinder​ ​mechanistic​
​modelling and prediction efforts. Full distribution of these data is illustrated in Figure 3E.​

​These​​data​​were​​prepared​​as​​overlays​​for​​visualisation​​on​​the​​interactive​​network​​displayed​
​in​ ​MINERVA,​ ​and​ ​can​ ​be​ ​accessed​ ​via​ ​the​ ​“Overlays”​ ​feature​ ​at​
​https://ontox.elixir-luxembourg.org/minerva/index.html?id=cardiotox_aop​​.​ ​Figure​​4B​​displays​
​an example of how KER data - evidence levels in the figure - is visualised at the platform.​
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​3.4 Cataloging KE measurement assays​

​By​​analysing​​the​​71​​unique​​KE​​ID​​entries​​(after​​harmonisation​​the​​total​​number​​of​​KEs​​was​
​64)​​on​​AOP-Wiki,​​we​​gathered​​the​​methods​​used​​to​​monitor​​or​​quantify​​the​​endpoints.​​Out​​of​
​the​ ​64​ ​unique​ ​KEs,​ ​43.75%​ ​(n=28)​ ​had​ ​detection​ ​methods​ ​explicitly​ ​described​ ​in​ ​the​
​AOP-Wiki.​​These​​included​​in​​vivo​​,​​in​​vitro​​and​​in​​silico​​methodologies,​​such​​as​​biochemical​
​assays,​​imaging,​​electrophysiological​​recordings,​​and​​molecular​​biomarkers​​(Supplementary​
​Data​​S9).​​The​​first​​version​​of​​this​​catalogue​​is​​fully​​based​​on​​what​​AOP​​authors​​reported​​in​
​the​​KE​​entries​​and​​does​​not​​represent​​all​​the​​potential​​methods​​to​​quantify​​a​​KE.​​However,​
​as​​a​​living​​resource,​​it​​is​​subject​​to​​subsequent​​updates​​that​​will​​help​​fill​​the​​methodological​
​gaps​ ​in​ ​itself​ ​and​ ​potentially​ ​in​ ​AOP-Wiki.​ ​At​ ​this​ ​stage,​ ​it​ ​serves​ ​as​ ​a​ ​starting​ ​point​ ​for​
​developing an integrated test battery for cardiotoxicity assessment.​

​A​​MINERVA​​platform​​plugin​​(Figure​​4C)​​was​​developed​​for​​dynamic​​visualisation​​and​​search​
​of​​methods​​for​​the​​KEs​​present​​in​​this​​network.​​It​​maps​​the​​catalogue​​on​​top​​of​​the​​network​
​and​​facilitates​​on-demand​​method​​mapping.​​The​​plugin​​and​​its​​source​​code​​can​​be​​found​​at​
​https://github.com/luiz-ladeira/cardiotox_aop_minerva_plugin​​.​ ​To​ ​use​ ​it,​ ​the​ ​user​ ​can​ ​load​
​the plugin directly at the MINERVA platform as described in the methods section.​

​3.5 Interactive Visualization and Contextual Annotations​

​The​ ​complete​ ​AOP​ ​network​ ​was​ ​made​ ​accessible​ ​through​ ​a​ ​MINERVA-based​ ​interactive​
​platform​ ​(​​https://ontox.elixir-luxembourg.org/minerva/index.html?id=cardiotox_aop​​).​ ​The​ ​two​
​self-loops​​(“Oxidative​​Stress”​​and​​“Mitochondrial​​dysfunction”)​​present​​in​​the​​network​​are​​not​
​represented​ ​in​ ​the​​interactive​​version​​due​​to​​CellDesigner​​software​​limitations.​​Nodes​​were​
​spatially​ ​organised​ ​according​ ​to​ ​biological​ ​scale​ ​(cellular,​ ​tissue,​ ​organ)​ ​related​ ​to​ ​their​
​contextual​ ​metadata​ ​(Supplementary​ ​Data​ ​S6).​ ​To​ ​improve​ ​clarity,​ ​an​ ​adaptation​ ​of​ ​the​
​Systems​ ​Biology​ ​Graphical​ ​Notation​ ​(SBGN)​ ​Activity​ ​Flow​ ​(AF)​ ​language​ ​(Mi​ ​et​ ​al.,​ ​2015;​
​Novère​ ​et​ ​al.,​ ​2009)​ ​was​ ​implemented,​ ​in​ ​which​ ​the​ ​rectangle​ ​shape​ ​represented​ ​a​ ​KE​
​(equivalent​​to​​Biological​​Activity​​in​​SBGN-AF),​​a​​directed​​solid​​arrow​​was​​used​​for​​adjacent​
​KERs,​ ​and​ ​a​ ​directed​ ​dotted​ ​arrow​​was​​used​​for​​non-adjacent​​KERs,​​indicating​​the​​flow​​of​
​information.​ ​Figure​ ​4A​ ​shows​ ​an​ ​overview​ ​of​ ​the​ ​network​ ​as​ ​displayed​ ​in​ ​the​ ​MINERVA​
​platform.​
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​Figure​ ​4​​.​ ​Overview​ ​of​ ​the​ ​interactive​ ​cardiotoxicity​ ​AOP​ ​network​ ​model​ ​on​ ​the​ ​MINERVA​
​platform.​ ​A​ ​-​ ​Overview​ ​of​ ​the​ ​platform​​displaying​​the​​network.​​B​​-​​Example​​of​​data​​overlay​
​visualisation,​​highlighting​​different​​levels​​of​​evidence​​support​​to​​the​​key​​event​​relationships.​
​C​​-​​KE​​Methods​​Mapper​​plugin​​overview,​​showing​​how​​the​​methods​​catalogue​​is​​mapped​​on​
​the AOP network.​

​4. Discussion and conclusions​

​The​ ​AOP​ ​framework​ ​is​ ​a​ ​valuable​ ​tool​ ​for​ ​organising​ ​mechanistic​ ​knowledge​ ​to​ ​support​
​chemical​ ​safety​ ​assessment,​ ​particularly​ ​through​ ​the​ ​development​ ​of​ ​non-animal​ ​new​
​approach​​methodologies​​(NAMs)​​(Jaylet​​et​​al.,​​2024;​​OECD,​​2017).​​In​​this​​study,​​we​​present​
​and​ ​analyse​ ​the​ ​first​ ​AOP-Wiki-derived​ ​network​ ​for​ ​cardiotoxicity,​ ​providing​ ​a​ ​structured​
​overview​​of​​a​​diverse​​range​​of​​mechanisms​​leading​​to​​cardiac​​damage.​​The​​current​​network​
​is​ ​not​ ​intended​ ​to​ ​be​ ​the​ ​most​ ​comprehensive​ ​collection​ ​of​ ​mechanistic​ ​understanding​ ​on​
​cardiotoxicity​ ​mode-of-action,​ ​as​ ​it​ ​is​ ​built​ ​from​ ​linear​ ​AOPs​ ​available​ ​in​ ​AOP-Wiki.​ ​This​
​resource​​is​​intended​​as​​a​​living​​document,​​capable​​of​​being​​iteratively​​updated​​as​​new​​AOPs​
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​linking​ ​chemical​ ​exposure​ ​to​ ​cardiac​ ​outcomes​ ​are​ ​identified.​ ​Incorporating​ ​evidence​ ​from​
​optimised​​review​​methodologies​​(Van​​Ertvelde​​et​​al.,​​2023)​​and​​data-driven​​approaches​​for​
​KE​ ​and​ ​KER​ ​discovery​ ​(Gadaleta​ ​et​ ​al.,​ ​2024;​ ​Ortega-Vallbona​ ​et​ ​al.,​ ​2024)​ ​will​
​progressively​ ​expand​ ​its​ ​scope​ ​and​ ​improve​ ​mechanistic​ ​understanding​ ​of​ ​how​ ​chemicals​
​affect the heart.​

​Nevertheless,​ ​our​ ​analysis​ ​of​ ​the​ ​AOP-Wiki-derived​ ​network​ ​revealed​ ​an​ ​emerging​
​landscape​ ​for​ ​cardiotoxicity​ ​in​ ​the​ ​database.​ ​Most​ ​of​ ​the​ ​KEs​ ​identified​ ​(n=47;​​73.4%)​​are​
​part​ ​of​ ​only​ ​one​ ​AOP,​ ​indicating​ ​limited​ ​interconnectivity​ ​within​ ​the​ ​current​ ​set​ ​of​
​cardiotoxicity-related​ ​pathways.​ ​Yet,​ ​the​ ​topology​ ​still​ ​exposed​ ​a​ ​small​ ​set​ ​of​ ​cross-cutting​
​KEs​ ​that​ ​organise​ ​information​ ​flow​ ​across​ ​modules.​ ​For​ ​example,​ ​“Oxidative​ ​Stress​
​(KE1392,​ ​KE1115)”​ ​consistently​ ​ranked​ ​at​ ​the​ ​top​ ​or​ ​among​ ​the​ ​highest​ ​in​ ​degree,​
​betweenness,​ ​stress,​ ​and​ ​simple-path​ ​occurrence,​ ​and​ ​also​ ​led​ ​the​ ​combined​ ​importance​
​score.​ ​Oxidative​ ​stress​ ​is​ ​a​ ​complex​ ​imbalance​ ​between​ ​reactive​ ​oxygen​ ​species​ ​(ROS)​
​production​ ​and​ ​antioxidant​ ​capacity;​ ​while​ ​transient​ ​ROS​ ​is​ ​involved​ ​in​ ​redox​ ​signalling,​
​prolonged​​elevation​​drives​​disease​​progression​​(Carrasco​​et​​al.,​​2021).​​Mechanistically,​​this​
​aligns​ ​with​ ​the​ ​well-established​ ​role​ ​of​ ​ROS​ ​imbalance​ ​as​ ​a​ ​determinant​ ​of​ ​cardiac​ ​injury​
​(Carrasco​​et​​al.,​​2021).​​This​​finding​​is​​also​​consistent​​with​​the​​central​​role​​of​​oxidative​​stress​
​in​ ​cardiotoxicity​ ​induced​ ​by​ ​anthracyclines​ ​like​ ​doxorubicin,​ ​idarubicin,​ ​and​ ​daunorubicin​
​(Mamoshina​ ​et​ ​al.,​ ​2021)​ ​and​ ​environmental​ ​toxicants​ ​such​ ​as​ ​heavy​ ​metals​ ​(e.g.,​ ​lead,​
​cadmium,​ ​arsenic)​ ​(Ozarde​ ​et​ ​al.,​ ​2025;​ ​Pan​ ​et​ ​al.,​ ​2024).​ ​From​ ​heavy​ ​metals,​
​cardiovascular​ ​risk​ ​is​ ​induced​ ​via​ ​excessive​ ​ROS​ ​generation,​ ​overwhelming​ ​natural​
​antioxidant​ ​defences,​ ​leading​ ​to​ ​endothelial​ ​dysfunction,​ ​vascular​ ​inflammation,​ ​and​
​ultimately,​ ​hypertension​ ​and​ ​atherosclerosis​ ​(Ozarde​ ​et​ ​al.,​ ​2025;​ ​Pan​ ​et​ ​al.,​ ​2024).​
​Differently,​ ​anthracyclines​ ​trigger​ ​mitochondrial​ ​dysfunctions​ ​leading​ ​to​ ​hypoxia​ ​and​
​myocardial​​fibrosis,​​ultimately​​developing​​into​​heart​​failure​​(Carrasco​​et​​al.,​​2021).​​Similarly,​
​oxidative​ ​stress,​ ​along​ ​with​ ​mitochondrial​ ​dysfunction,​ ​was​ ​identified​ ​as​ ​one​ ​of​ ​the​ ​most​
​highly​​connected​​and​​central​​key​​events​​in​​AOP​​networks​​for​​hepatotoxicity​​(Van​​Ertvelde​​et​
​al.,​ ​2023;​ ​Verhoeven​ ​et​ ​al.,​ ​2024),​ ​neurotoxicity​ ​(Spinu​ ​et​ ​al.,​ ​2019)​ ​and​ ​nephrotoxicity​
​(Barnes​​et​​al.,​​2024),​​showcasing​​it​​as​​a​​fundamental​​pillar​​of​​cellular​​toxicity​​across​​different​
​organs.​

​Within​​the​​heart-related​​KEs​​in​​our​​network,​​“Decrease,​​Cardiac​​contractility​​(KE1532)”​​and​
​“Mitochondrial​ ​dysfunction​ ​(KE177,​ ​KE40)”,​ ​joined​ ​oxidative​ ​stress​ ​as​ ​a​ ​functional​ ​triad​ ​of​
​hubs.​ ​All​ ​three​ ​had​ ​high​ ​total​ ​degree​ ​and​ ​betweenness​ ​and​ ​were​ ​repeatedly​​visited​​along​
​MIE​ ​to​ ​AO​ ​simple​ ​paths.​ ​Their​ ​co-occurrence​ ​is​ ​mechanistically​ ​coherent:​ ​mitochondrial​
​impairment​ ​increases​ ​ROS​ ​and​ ​compromises​ ​ATP​ ​supply;​ ​both​ ​processes​ ​depress​
​excitation-contraction​ ​coupling​ ​and​ ​sarcomeric​ ​function,​ ​reducing​ ​contractile​ ​output​
​(Carrasco​​et​​al.,​​2021;​​Varga​​et​​al.,​​2015).​​These​​KEs​​are​​therefore​​sensitive​​integrators​​of​
​injury​​signals​​from​​diverse​​initiators​​(e.g.,​​ion-channel​​perturbations,​​AhR​​activation,​​electron​
​transport​ ​chain​ ​inhibition).​ ​At​ ​the​ ​same​ ​time,​ ​they​ ​lack​ ​mode-of-action​ ​specificity,​ ​an​
​important​ ​consideration​ ​for​ ​interpreting​​positive​​signals​​in​​screening​​and​​for​​deciding​​which​
​complementary, more specific readouts to pair with them.​

​Outcome-related​ ​nodes,​ ​including​ ​“Increased​ ​Mortality​ ​(KE351,​ ​KE947,​ ​KE1929)”,​
​“Decrease,​ ​Cardiac​ ​ejection​ ​fraction​ ​(KE1533)”,​ ​“Increase,​ ​Cardiac​ ​remodelling​​(KE2084)”,​
​“Hypoxia​ ​(KE590)”​ ​and​ ​“Torsades​ ​de​ ​Pointes​ ​(KE1963)”,​ ​displayed​ ​low​ ​eccentricity,​
​indicating​ ​they​ ​are​ ​or​ ​they​ ​are​ ​close​ ​to​ ​terminal​ ​endpoints.​ ​Among​ ​these,​ ​“Increased​
​Mortality”​ ​further​ ​exhibited​ ​high​ ​stress​ ​centrality,​ ​confirming​ ​its​ ​central​ ​role​ ​in​ ​the​ ​network​
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​where​​most​​upstream​​routes​​converge.​​In​​contrast,​​several​​initiator-proximal​​or​​extra-cardiac​
​KEs​ ​(e.g.,​ ​“Inhibition,​ ​Cyclooxygenase​ ​1​ ​activity​ ​(KE1103)”;​ ​“Occurrence,​ ​tophi​ ​(urate)​
​deposition​ ​(KE1102)”)​ ​sat​ ​at​ ​the​ ​network​ ​periphery​ ​with​ ​higher​​eccentricity,​​consistent​​with​
​their​​role​​as​​upstream​​or​​system-level​​contributors​​rather​​than​​heart-intrinsic​​drivers.​​That​​is,​
​these​ ​nodes​ ​are​ ​more​ ​distant​ ​from​ ​others​ ​in​ ​the​ ​network,​ ​reflecting​ ​their​ ​role​ ​as​ ​early​ ​or​
​external triggers rather than direct cardiac effectors.​

​A​ ​notable​ ​and​ ​recurrent​ ​feature​ ​was​ ​the​ ​systemic​ ​integration​ ​of​ ​the​ ​heart,​ ​especially​ ​the​
​cardio-renal​ ​axis,​ ​illustrated​ ​in​ ​our​ ​interactive​ ​and​ ​contextual​ ​version​ ​of​ ​the​ ​network.​
​Extra-cardiac​ ​KEs​ ​such​ ​as​ ​“Occurrence,​ ​renal​ ​proximal​ ​tubular​ ​necrosis​ ​(KE1097)”​ ​and​
​“Increased,​ ​blood​ ​uric​ ​acid​ ​concentration​ ​(KE1096)”​ ​were​ ​among​ ​the​ ​most​ ​connected​​and​
​ranked​ ​near​ ​the​ ​top​ ​in​ ​betweenness​ ​and​ ​total​ ​degree,​ ​indicating​ ​high​ ​connectivity.​ ​These​
​patterns​ ​support​ ​a​ ​mechanistic​​bridge​​whereby​​renal​​injury​​and​​urate​​dysregulation​​amplify​
​systemic​ ​oxidative​ ​and​ ​inflammatory​ ​burden​ ​that​ ​exacerbates​ ​cardiac​ ​dysfunction​ ​(Ding​​et​
​al.,​​2022;​​Ozarde​​et​​al.,​​2025).​​In​​practice,​​this​​means​​a​​subset​​of​​cardiotoxic​​trajectories​​are​
​genuinely​ ​systemic​ ​and​ ​may​ ​be​ ​missed​ ​by​ ​single-organ​ ​assays.​ ​The​ ​cardio-renal​ ​axis​
​exemplifies​ ​a​ ​bidirectional​ ​scenario​ ​in​ ​which​ ​dysfunction​ ​in​ ​the​ ​kidney​ ​or​ ​heart​ ​triggers​
​pathophysiological​​feedback​​loops​​that​​accelerate​​damage​​in​​both​​organs.​​This​​cross-talk​​is​
​mediated​ ​by​ ​haemodynamic​ ​shifts,​ ​neurohormonal​ ​activation​ ​(particularly​ ​of​ ​the​
​renin-angiotensin-aldosterone​ ​system​ ​and​ ​sympathetic​ ​overactivity),​ ​and​ ​circulating​
​inflammatory​ ​and​ ​fibrotic​ ​factors,​ ​including​ ​protein-bound​ ​uremic​ ​toxins​ ​such​ ​as​ ​indoxyl​
​sulphate,​ ​which​ ​exert​ ​direct​ ​pro-hypertrophic​ ​and​ ​pro-fibrotic​ ​effects​ ​on​ ​cardiac​ ​tissue​
​(Lekawanvijit​ ​et​ ​al.,​ ​2012;​ ​Rangaswami​ ​et​ ​al.,​ ​2019).​ ​The​ ​network​ ​therefore​ ​provides​ ​a​
​rationale​​for​​multi-organ​​microphysiological​​systems​​(MPS)​​or​​staged​​testing​​strategies​​when​
​cardio-renal axes are implicated (Daley et al., 2022; OECD, 2017).​

​Edge-type​ ​composition​ ​also​ ​carries​ ​insight.​ ​While​ ​the​ ​majority​ ​of​ ​KERs​ ​were​ ​adjacent​
​(86.17%),​ ​a​ ​meaningful​ ​subset​ ​were​ ​non-adjacent​ ​(13.83%).​ ​These​ ​long-range​ ​links​ ​often​
​connect​​early​​molecular​​events​​to​​organ-level​​dysfunction​​and​​likely​​compress​​intermediate​
​biology​​that​​is​​either​​context-dependent​​or​​not​​yet​​curated​​in​​AOP-Wiki.​​They​​are​​useful​​for​
​scoping​ ​hazards​ ​and​​tracing​​plausible​​routes​​to​​outcomes,​​but​​they​​simultaneously​​flag​​the​
​most​ ​impactful​ ​knowledge​ ​gaps​ ​for​ ​future​ ​curation​ ​and​ ​quantification​ ​(Villeneuve​ ​et​ ​al.,​
​2018).​ ​The​ ​evidence​ ​overlays​ ​corroborate​ ​this:​ ​just​ ​over​ ​half​ ​of​ ​KERs​ ​carry​ ​high/strong​
​evidence,​ ​but​ ​fewer​ ​than​ ​40%​​include​​any​​quantitative​​understanding.​​Notably,​​quantitative​
​links​ ​are​ ​sparse​ ​precisely​ ​around​ ​the​​hub​​KEs,​​where​​they​​would​​most​​enable​​quantitative​
​AOP​ ​(qAOP)​ ​development,​ ​sensitivity​ ​analyses,​ ​and​ ​extrapolation​ ​(OECD,​ ​2017;​ ​Spinu​ ​et​
​al., 2020).​

​Together,​ ​these​ ​structural​ ​and​ ​evidential​ ​features​ ​converge​ ​on​ ​a​ ​clear​ ​message.​ ​First,​
​oxidative​ ​stress,​ ​mitochondrial​ ​dysfunction,​ ​and​ ​decreased​ ​contractility​ ​form​ ​a​ ​core,​
​recurrent​​axis​​across​​mechanistic​​routes​​from​​diverse​​initiators​​to​​cardiac​​adverse​​outcomes;​
​they​ ​should​ ​be​ ​prioritised​ ​for​ ​measurement​ ​and,​ ​where​ ​possible,​ ​for​ ​quantitative​ ​linkage.​
​Second,​ ​cardio-renal​ ​crosstalk​ ​is​ ​not​ ​incidental:​ ​kidney-centred​ ​KEs​ ​frequently​ ​mediate​
​routes​ ​to​ ​cardiac​ ​outcomes​ ​and​ ​warrant​ ​explicit​ ​consideration​ ​when​ ​designing​ ​evaluation​
​strategies.​ ​Third,​ ​while​ ​hub​ ​KEs​ ​are​ ​powerful​ ​integrators,​ ​they​ ​require​ ​pairing​ ​with​ ​more​
​specific,​ ​pathway-diagnostic​ ​readouts​ ​to​ ​improve​ ​mode-of-action​ ​resolution.​ ​These​
​conclusions​ ​directly​ ​inform​ ​the​​design​​principles​​of​​a​​mechanistically​​anchored,​​animal-free​
​cardiotoxicity testing battery, as discussed next.​
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​4.1 From AOP network to an animal-free cardiotoxicity testing battery​

​A​ ​primary​ ​goal​ ​of​ ​developing​ ​this​ ​network​ ​is​ ​to​ ​inform​ ​the​ ​design​ ​of​ ​a​ ​mechanistically​
​anchored,​​animal-free​​test​​battery​​for​​cardiotoxicity​​prediction.​​To​​this​​end,​​we​​systematically​
​reviewed​ ​the​ ​methods​ ​section​ ​of​ ​the​ ​KE​ ​pages​ ​at​ ​AOP-Wiki​ ​and​ ​extracted​ ​the​ ​reported​
​methods​ ​to​ ​quantify​ ​and​ ​monitor​ ​individual​ ​KEs.​ ​Explicit​ ​detection​ ​methods​ ​were​​listed​​for​
​only​ ​43.75%​ ​of​ ​unique​ ​KEs,​ ​pointing​ ​to​ ​a​ ​scattered​ ​knowledge​ ​base.​ ​The​ ​documented​
​approaches​ ​spanned​ ​in​ ​vivo​​,​ ​in​ ​vitro​​,​ ​and​ ​in​ ​silico​ ​methods,​​including​​biochemical​​assays,​
​imaging,​ ​and​ ​electrophysiological​ ​readouts.​ ​While​ ​this​ ​catalogue​ ​provides​ ​a​ ​foundational​
​starting​​point,​​it​​is​​not​​exhaustive​​and​​reflects​​the​​current​​state​​of​​user-based​​reporting​​within​
​the​ ​AOP-Wiki,​ ​which​ ​itself​ ​has​ ​limitations.​ ​A​ ​recent​ ​analysis​ ​of​ ​the​ ​AOP-Wiki​ ​showed​​that​
​fields​ ​describing​​supporting​​evidence​​are​​often​​incomplete​​(Jaylet​​et​​al.,​​2024),​​which​​likely​
​extends to the methodologies for measuring KEs.​

​Despite​ ​these​ ​gaps,​ ​the​ ​AOP​ ​network​ ​helps​ ​prioritise​ ​what​ ​to​ ​measure.​ ​Hub​ ​KEs​ ​shared​
​across​ ​multiple​ ​AOPs​ ​are​ ​efficient​ ​assay​ ​targets,​ ​but​ ​specificity​ ​is​ ​also​ ​essential​ ​for​ ​an​
​informative​ ​battery.​ ​Non-specific​ ​KEs,​ ​such​ ​as​ ​oxidative​ ​stress,​ ​mitochondrial​ ​dysfunction,​
​and​ ​cytotoxicity,​ ​are​ ​common​ ​across​ ​organ​ ​systems​ ​and​ ​chemical​ ​classes​​and​​cannot,​​on​
​their​ ​own,​ ​discriminate​ ​specific​ ​cardiotoxic​ ​liability​ ​(Arnesdotter​ ​et​ ​al.,​ ​2021;​ ​Barnes​ ​et​ ​al.,​
​2024;​ ​Mamoshina​ ​et​ ​al.,​ ​2021).​ ​In​ ​contrast,​ ​cardiac-specific​ ​KEs​​provide​​higher​​diagnostic​
​value:​ ​hERG/IKr​ ​blockade​ ​is​ ​the​ ​canonical​ ​driver​ ​of​ ​drug-induced​ ​QT​ ​prolongation​ ​and​
​torsades​ ​de​ ​pointes​ ​risk,​ ​while​ ​additional​ ​mechanisms​ ​include​ ​inhibition​ ​of​ ​cardiomyocyte​
​survival​ ​signalling​ ​(e.g.,​ ​VEGF/EGF​ ​pathways)​ ​and​ ​perturbations​ ​of​​contractility​​or​​calcium​
​handling​ ​(Clark​ ​et​​al.,​​2022;​​Lester,​​2021,​​p.​​202;​​Mamoshina​​et​​al.,​​2021).​​Accordingly,​​an​
​effective​ ​test​ ​battery​ ​should​ ​follow​ ​an​ ​Integrated​ ​Approaches​ ​to​ ​Testing​ ​and​ ​Assessment​
​(IATA)​ ​logic,​​combining​​general​​cellular-health​​assays​​(e.g.,​​viability,​​mitochondrial​​function)​
​with​ ​targeted​ ​tests​ ​of​ ​cardiac-specific​ ​mechanisms​ ​(e.g.,​ ​multi-ion​ ​channel​ ​panels,​
​contractility,​ ​calcium​ ​cycling),​ ​to​ ​cover​ ​the​ ​relevant​ ​mechanism​ ​space​ ​(Daley​ ​et​ ​al.,​ ​2022;​
​OECD, 2017, 2020; Schaffert et al., 2023).​

​In​ ​this​ ​sense,​ ​the​ ​ALTERNATIVE​ ​project​ ​has​ ​developed​ ​an​ ​AOP-informed​ ​IATA​ ​that​
​integrates​ ​data​ ​from​ ​human-relevant​ ​in​ ​vitro​ ​assays,​ ​transcriptomics,​ ​and​ ​high-content​
​screening​​to​​evaluate​​environmental​​chemicals’​​toxicity​​(Schaffert,​​Murugadoss,​​et​​al.,​​2024;​
​Schaffert,​ ​Paparella,​ ​et​ ​al.,​ ​2024).​ ​This​ ​framework​ ​supports​ ​evaluating​ ​cardiotoxic​ ​liability​
​through​​both​​general​​and​​cardiac-specific​​endpoints,​​structured​​along​​mechanistic​​axes​​such​
​as​ ​contractility,​ ​electrophysiology,​ ​and​ ​cell​ ​viability.​ ​Nevertheless,​ ​unmet​ ​opportunities​ ​for​
​including​ ​other​ ​molecular​ ​strategies​ ​could​ ​still​ ​be​ ​explored,​ ​especially​ ​to​ ​detect​ ​mixture​​or​
​multi-target​ ​interaction​ ​outcomes,​ ​quantitative​ ​links​ ​from​ ​KEs​ ​to​ ​phenotypic​​dynamics,​​and​
​explicit​ ​sources​ ​of​ ​biological​ ​variability​ ​in​ ​predictions.​ ​Considering​ ​a​ ​broader​ ​scenario​ ​of​
​mechanism​ ​possibilities,​ ​by​ ​incorporating​ ​nuclear​ ​and​​membrane​​receptors​​and​​compound​
​metabolism​ ​pathways,​ ​among​ ​other​ ​modulators,​ ​would​ ​further​ ​enrich​ ​the​ ​current​
​understanding​​and​​help​​uncover​​novel​​modes​​of​​action.​​This​​holistic​​inclusion​​could​​capture​
​compound-​ ​and​ ​population-specific​ ​vulnerabilities,​ ​thereby​ ​advancing​ ​the​ ​refinement​ ​of​
​predictive, human-relevant cardiotoxicity testing.​

​Mechanistic​ ​compound​ ​controls​ ​(i.e.,​ ​positive​ ​compound​ ​controls​ ​with​ ​well-described​
​mechanisms​ ​of​ ​action)​ ​are​ ​essential​​to​​calibrate​​and​​validate​​such​​a​​battery​​(Verhoeven​​et​
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​al.,​ ​2025).​ ​Compounds​ ​with​ ​well-characterised​ ​modes​ ​of​ ​action​ ​allow​ ​sensitivity/specificity​
​checks​ ​and​ ​enable​ ​cross-platform​ ​comparisons​ ​(Parish​ ​et​ ​al.,​ ​2020).​ ​For​ ​instance,​
​moxifloxacin​ ​serves​ ​as​ ​a​ ​standard​ ​positive​ ​control​ ​for​ ​reproducible​ ​and​ ​multi-method​
​comparisons​ ​of​ ​QT​ ​intervals​ ​(Darpo​ ​et​ ​al.,​ ​2006);​ ​doxorubicin​ ​anchors​ ​structural​
​cardiotoxicity​ ​via​ ​mitochondrial​ ​damage​ ​and​ ​oxidative​ ​stress​ ​(Chen​ ​et​ ​al.,​ ​2023);​ ​and​
​verapamil​ ​illustrates​​that​​hERG​​block​​does​​not​​necessarily​​translate​​into​​proarrhythmia​​due​
​to​ ​compensatory​ ​calcium-current​ ​effects​ ​(Daley​ ​et​ ​al.,​ ​2022).​ ​Curated​ ​drug​ ​sets,​ ​as​ ​from​
​CiPA,​ ​further​ ​link​ ​assay​ ​outputs​ ​to​ ​established​ ​clinical​ ​outcomes​ ​and​ ​strengthen​ ​external​
​validity​​(Konala​​et​​al.,​​2025).​​Similarly,​​the​​FDA-labelling-based​​Drug-Induced​​Cardiotoxicity​
​rank​​(DICTrank)​​compendium​​(1318​​drugs;​​severity​​linked​​to​​the​​Boxed​​Warning,​​Warnings​
​and​​Precautions,​​and​​Adverse​​Reactions​​sections​​of​​FDA​​labels)​​offers​​a​​clinically​​grounded​
​reference​ ​that​ ​shows​ ​high​ ​concordance​ ​with​ ​the​ ​Drug-Induced​ ​QT​ ​prolongation​ ​risk​
​Assessment​ ​(DIQTA)​ ​database​ ​and​ ​the​ ​CredibleMeds​ ​clinical​ ​risk​ ​classification​ ​(Qu​ ​et​​al.,​
​2023).​ ​The​ ​cardiotoxicity​ ​AOP​ ​network​ ​provides​ ​a​ ​mechanistic​ ​scaffold​ ​to​ ​interpret​ ​these​
​control​ ​compounds​ ​in​ ​a​ ​broader​ ​biological​ ​context.​ ​It​ ​enables​ ​the​ ​mapping​ ​of​
​compound-induced​ ​events​ ​to​ ​specific​ ​key​ ​events​ ​and​ ​pathways,​ ​clarifying​ ​the​​coverage​​of​
​relevant​ ​mechanisms​ ​across​ ​assays.​ ​This​ ​not​ ​only​ ​supports​ ​rational​ ​selection​ ​and​
​interpretation​ ​of​ ​positive​ ​controls​ ​but​ ​also​ ​the​ ​comparison​ ​and​ ​benchmarking​ ​of​ ​new​ ​test​
​systems to clinically established mechanisms.​

​Alignment​ ​with​ ​regulatory​ ​expectations​ ​is​ ​also​ ​required.​ ​In​ ​the​ ​pharmaceutical​ ​domain,​
​cardiotoxicity​ ​assessment​ ​is​ ​underpinned​ ​by​ ​ICH​ ​safety​ ​pharmacology​ ​and​ ​proarrhythmia​
​guidelines​ ​(FDA,​ ​2005,​ ​2021).​ ​ICH​ ​S7A​ ​defines​ ​the​ ​core​​safety-pharmacology​​battery​​and​
​general​​principles,​​including​​dedicated​​cardiovascular​​evaluations​​to​​protect​​trial​​participants​
​while​ ​minimising​ ​animal​ ​use​​(FDA,​​2021).​​ICH​​S7B​​specifies​​a​​nonclinical​​strategy​​centred​
​on​ ​in​ ​vitro​ ​IKr​ ​(hERG)​ ​assays​ ​and​ ​in​ ​vivo​ ​QT​ ​studies,​ ​supported​ ​by​ ​an​ ​integrated​ ​risk​
​assessment​​to​​judge​​delayed​​ventricular​​repolarisation​​risk​​(FDA,​​2005).​​Clinically,​​ICH​​E14​
​established​​the​​thorough​​QT​​paradigm​​and​​formalised​​links​​between​​nonclinical​​findings​​and​
​clinical​ ​proarrhythmic​ ​risk​ ​(EMA,​ ​2022).​ ​Together,​ ​these​ ​guidances​ ​constitute​ ​a​ ​mature,​
​QT-centric​ ​framework​ ​that​ ​has​ ​reduced​ ​proarrhythmic​ ​liabilities;​ ​however,​ ​it​ ​can​ ​be​
​conservative,​ ​and​ ​recent​ ​updates​ ​recognising​ ​“double-negative”​ ​outcomes​ ​in​ ​best-practice​
​nonclinical​ ​assays​​signal​​a​​gradual​​shift​​toward​​integrated,​​mechanism-based​​assessments​
​(Lester,​ ​2021).​ ​By​ ​contrast,​ ​current​ ​guidelines​ ​for​ ​industrial​ ​chemicals,​ ​pesticides​ ​and​
​biocides​​largely​​neglect​​functional​​cardiotoxicity,​​focusing​​instead​​on​​endpoints​​such​​as​​heart​
​weight​​and​​histopathology​​from​​animal​​studies​​(Schaffert​​et​​al.,​​2023).​​OECD​​has​​advanced​
​IATA​ ​and​ ​the​ ​use​ ​of​ ​AOPs​ ​to​​organise​​non-animal​​evidence​​for​​decision-making,​​including​
​guidance​ ​on​ ​IATA​ ​concepts,​ ​reporting​ ​of​​defined​​approaches​​and​​case-study​​programmes.​
​Acceptance​ ​and​ ​validation​ ​principles​ ​for​ ​new​ ​methods​ ​are​ ​codified​ ​in​ ​an​ ​OECD​​Guidance​
​Document,​​supporting​​international​​uptake​​once​​fitness-for-purpose​​is​​demonstrated​​(OECD,​
​2017).​​Nonetheless,​​the​​lack​​of​​quantitative​​key-event​​relationship​​data​​remains​​a​​barrier​​to​
​regulatory​​utility,​​underscoring​​the​​need​​for​​quantitative​​integration​​if​​functional​​cardiotoxicity​
​is to be addressed systematically and mechanistically.​

​NAMs​​based​​on​​human-induced​​pluripotent​​stem​​cell-derived​​cardiomyocytes​​(hiPSC-CMs)​
​enable​​high-throughput,​​human-relevant​​assessment​​of​​cardiac​​liabilities​​(Daley​​et​​al.,​​2022;​
​Gisone​ ​et​ ​al.,​ ​2022).​ ​Within​ ​our​ ​network,​ ​three​ ​hub​ ​KEs​ ​emerged​ ​in​ ​the​ ​heart​ ​network:​
​oxidative​ ​stress,​ ​mitochondrial​ ​dysfunction​ ​and​ ​decreased​ ​contractility,​ ​and​ ​each​ ​can​ ​be​
​measured​ ​with​ ​established​ ​assays.​ ​For​ ​decreased​ ​contractility,​ ​hiPSC-CMs​ ​provide​
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​functional​​readouts​​such​​as​​beating​​frequency,​​contraction​​amplitude​​and​​calcium​​handling,​
​capturing​ ​disturbances​ ​in​ ​both​ ​electrophysiological​ ​and​ ​contractile​ ​function​ ​(Dou​ ​et​ ​al.,​
​2022).​​Mitochondrial​​dysfunction​​can​​be​​detected​​via​​membrane​​potential​​(e.g.,​​using​​TMRE​
​fluorescent​​probe),​​oxygen​​consumption​​rate​​(e.g.,​​Seahorse​​extracellular​​flux​​analysis)​​and​
​ATP​ ​production​ ​(e.g.,​ ​luciferase-based​ ​assays),​ ​endpoints​ ​particularly​ ​relevant​ ​for​
​energetics-impairing​ ​compounds​ ​(e.g.,​ ​anthracyclines)​ ​(Sharma​ ​et​ ​al.,​ ​2025).​ ​Oxidative​
​stress​ ​can​ ​be​ ​quantified​ ​by​ ​ROS​​formation,​​lipid​​peroxidation​​and​​alterations​​in​​antioxidant​
​enzyme dynamics (Murphy et al., 2022).​

​Combining​ ​these​ ​complementary​ ​readouts​ ​enables​ ​a​ ​battery​ ​that​ ​captures​ ​convergent​
​mechanisms​ ​of​ ​cardiotoxicity.​ ​This​ ​strategy​ ​moves​ ​beyond​​single-endpoint​​assays​​such​​as​
​hERG,​ ​which​ ​although​ ​sensitive,​ ​lack​ ​specificity​ ​and​ ​mechanistic​ ​breadth​ ​(Daley​ ​et​ ​al.,​
​2022).​​CiPA​​already​​demonstrated​​the​​value​​of​​integrating​​multiple​​ion-channel​​assays​​with​
​in​ ​silico​ ​modelling​ ​(Lester,​ ​2021).​ ​Our​ ​AOP​ ​network​ ​supports​ ​extending​ ​this​ ​principle​ ​to​
​non-electrophysiological​ ​endpoints​ ​essential​ ​for​ ​detecting​ ​structural,​ ​contractile​ ​and​
​metabolic​​toxicities.​​In​​sum,​​our​​AOP​​network​​provides​​the​​organising​​principle​​for​​designing​
​an​​animal-free​​test​​battery​​and​​the​​curated​​catalogue​​of​​KE​​measurement​​methods​​identifies​
​immediate assay candidates and evidence gaps.​

​4.2 Challenges, opportunities and future perspectives​

​A​ ​significant​ ​challenge​ ​encountered​ ​during​ ​this​ ​work​​was​​the​​lack​​of​​standardisation​​in​​the​
​AOP-Wiki,​​a​​scenario​​also​​identified​​in​​other​​mapping​​studies​​(Jaylet​​et​​al.,​​2024).​​Many​​KEs​
​describing​ ​the​ ​same​ ​biological​ ​process​ ​were​ ​titled​ ​differently,​ ​requiring​ ​manual​
​harmonisation​ ​to​ ​build​ ​a​​coherent​​network.​​For​​instance,​​events​​with​​overlapping​​biological​
​scope​ ​were​ ​recorded​ ​under​ ​multiple​ ​names​ ​and​ ​with​ ​different​ ​levels​ ​of​ ​detail,​ ​which​
​fragments​ ​knowledge​​and​​complicates​​automated​​network​​generation.​​These​​redundancies​
​have​ ​been​ ​explicitly​ ​noted​ ​for​ ​ROS-related​ ​KEs,​ ​where​ ​multiple​ ​nuanced​ ​entries​ ​exist​
​despite​​referring​​to​​similar​​processes,​​prompting​​the​​launch​​of​​the​​“Mystery​​of​​ROS”​​initiative​
​to​​create​​harmonised​​consensus​​KEs​​(Tanabe​​et​​al.,​​2022,​​2023).​​Such​​efforts​​highlight​​the​
​broader​ ​need​ ​for​ ​ontology-based​ ​alignment​ ​of​ ​KE​ ​terminology,​ ​ensuring​ ​consistency​ ​in​
​descriptors​ ​like​ ​directionality,​ ​biological​ ​objects,​ ​and​ ​processes​ ​to​ ​make​ ​entries​
​machine-readable​ ​and​ ​interoperable.​​This​​demand​​has​​been​​echoed​​by​​the​​Society​​for​​the​
​Advancement​ ​of​ ​AOPs​ ​Knowledgebase​ ​Interest​ ​Group​ ​(SKIG),​ ​which​ ​has​ ​prioritised​
​ontology-driven​ ​harmonisation,​ ​systematic​ ​curation,​ ​and​ ​development​ ​of​ ​umbrella​ ​KEs​ ​as​
​central​​steps​​towards​​AOP-Wiki​​3.0​​(Wittwehr​​et​​al.,​​2025).​​In​​parallel,​​the​​recently​​launched​
​SCAHT​ ​AOP_HUB​ ​provides​ ​a​ ​practical​ ​forum​ ​for​ ​training,​ ​knowledge​ ​exchange,​ ​and​
​discussion​ ​of​ ​recurring​ ​challenges​ ​in​ ​AOP​ ​development,​ ​with​ ​a​ ​strong​ ​focus​ ​on​ ​engaging​
​early-career​ ​researchers​ ​(Coerek​ ​et​ ​al.,​ ​2025).​ ​Together,​ ​these​​initiatives​​demonstrate​​that​
​the​ ​community​ ​is​ ​actively​ ​addressing​ ​the​​standardisation​​bottleneck​​and​​moving​​towards​​a​
​more interoperable and predictive AOP knowledge base.​

​Furthermore,​ ​the​ ​current​ ​AOP​ ​framework​ ​in​ ​the​ ​AOP-Wiki​ ​insufficiently​ ​captures​ ​feedback​
​loops​ ​and​ ​compensatory​ ​mechanisms,​ ​which​ ​are​ ​essential​ ​to​ ​understand​ ​the​ ​dose-​ ​and​
​time-dependent​ ​nature​ ​of​ ​cardiotoxicity​ ​(Georgiadis​ ​et​ ​al.,​ ​2022;​ ​Mamoshina​ ​et​ ​al.,​ ​2021).​
​Linear​ ​AOPs,​ ​by​ ​design,​ ​tend​ ​to​ ​oversimplify​ ​complex​ ​biological​​responses,​​whereas​​AOP​
​networks​ ​offer​ ​a​ ​more​ ​realistic​ ​systems-level​ ​representation​ ​of​ ​toxicity​ ​by​ ​accounting​ ​for​
​converging​​and​​diverging​​pathways​​(Sewell​​et​​al.,​​2018).​​Our​​network​​begins​​to​​address​​this​
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​by​ ​linking​ ​multiple​ ​MIEs​ ​to​ ​shared​ ​KEs,​ ​but​ ​a​ ​more​ ​explicit​​integration​​of​​dynamic​​motifs​​-​
​such​ ​as​ ​feedback​ ​and​ ​feedforward​ ​regulation,​​as​​highlighted​​in​​AOP​​network​​development​
​frameworks​ ​(Knapen​ ​et​ ​al.,​ ​2018;​ ​Villeneuve​ ​et​ ​al.,​ ​2018)​ ​-​​would​​significantly​​enhance​​its​
​predictive​ ​power.​ ​In​ ​this​ ​direction,​ ​the​ ​Disease​ ​Maps​ ​community​ ​(​​https://disease-maps.io/​​)​
​has​ ​demonstrated​ ​that​ ​mechanistic,​ ​highly​ ​detailed​ ​molecular​ ​maps​ ​enable​ ​systematic​
​integration​​of​​multi-omics​​data​​and​​contextual​​interpretation​​of​​dynamic​​processes,​​providing​
​a​ ​promising​ ​blueprint​ ​for​ ​advancing​ ​AOPs​ ​beyond​ ​static​ ​representations​ ​and​ ​tools​ ​for​
​benchmarking​ ​existing​ ​networks​​(Ladeira​​et​​al.,​​2025;​​Mazein​​et​​al.,​​2018;​​Staumont​​et​​al.,​
​2025).​ ​Moving​ ​from​ ​the​ ​mostly​ ​high-level​ ​representation​ ​of​ ​biological​ ​activities​ ​in​ ​the​
​AOP-Wiki​ ​towards​ ​more​ ​detailed​ ​molecular​ ​maps​ ​would​ ​improve​ ​interpretability​ ​of​
​experimental​ ​outcomes​ ​and​ ​mechanistic​ ​grounding.​ ​This​ ​does​ ​not​ ​require​ ​enforcing​
​excessive​​pathway​​granularity​​but​​can​​be​​achieved​​through​​complementary​​strategies​​such​
​as​ ​ontology​ ​mapping,​ ​pathway​ ​enrichment​ ​analysis,​ ​and​ ​the​ ​application​ ​of​ ​computational​
​approaches for quantitative AOP modelling (Jaylet et al., 2024; Knapen et al., 2018).​

​Importantly,​ ​such​ ​advances​ ​depend​ ​on​ ​making​ ​AOP​ ​knowledge​ ​not​ ​only​​interoperable​​but​
​also​ ​machine-actionable.​ ​Recent​ ​work​ ​has​ ​stressed​ ​that​ ​adherence​ ​to​ ​the​ ​FAIR​​principles​
​(ensuring​ ​that​ ​AOPs​ ​are​​Findable,​​Accessible,​​Interoperable,​​and​​Reusable)​​is​​essential​​to​
​increase​​their​​visibility,​​credibility,​​and​​uptake​​in​​regulatory​​decision-making​​(Wittwehr​​et​​al.,​
​2023).​ ​FAIRification​ ​enables​ ​automation,​ ​provenance​ ​tracking,​ ​and​ ​semantic​ ​alignment,​
​addressing​ ​current​ ​issues​ ​of​ ​network​ ​fragmentation​ ​and​ ​enhancing​ ​trust​ ​in​ ​AOP-derived​
​models.​​In​​this​​context,​​detailed​​molecular​​mapping​​does​​not​​merely​​increase​​complexity​​but​
​creates​ ​opportunities​ ​for​ ​advanced​ ​visualisation,​​data​​integration,​​and​​predictive​​modelling.​
​A​ ​recent​ ​example​ ​is​ ​the​ ​explorable​ ​model​ ​of​ ​cytokine​ ​release​ ​syndrome​ ​developed​ ​by​
​Mazein​ ​et​ ​al.​ ​(2025),​ ​which​ ​integrates​ ​multiple​ ​AOPs​ ​induced​ ​by​ ​immunomodulatory​
​therapies​ ​into​ ​a​ ​molecular-level​ ​systems​ ​biology​ ​map.​ ​By​ ​combining​ ​diagrammatic​ ​KE​
​representations​ ​with​ ​machine-readable​ ​formats​ ​(e.g.,​ ​SBML,​ ​SBGN,​​stable​​identifiers),​​this​
​resource​ ​ensures​ ​reproducibility​ ​and​ ​interoperability​ ​while​ ​enabling​ ​hypothesis​ ​generation,​
​biomarker​ ​discovery,​ ​and​ ​mechanistic​ ​modelling.​ ​Collectively,​ ​these​ ​directions​ ​underscore​
​the​ ​need​ ​for​ ​cross-disciplinary​ ​integration​ ​of​ ​systems​ ​biology​ ​and​ ​toxicology​ ​to​ ​make​
​AOP-based models more dynamic, predictive, FAIR and regulatory-relevant.​

​A​​major​​opportunity​​ahead​​is​​the​​transition​​from​​qualitative​​AOP​​networks​​to​​qAOP​​models.​
​By​​parameterising​​key​​event​​relationships​​with​​dose-response​​and​​time-course​​data,​​qAOPs​
​can​​predict​​the​​magnitude​​or​​likelihood​​of​​an​​adverse​​outcome​​from​​defined​​perturbations​​at​
​the​ ​molecular​ ​level​ ​(Conolly​​et​​al.,​​2017;​​Spinu​​et​​al.,​​2020).​​Such​​dynamic​​models​​can​​be​
​implemented​​through​​diverse​​approaches,​​from​​Bayesian​​and​​regression-based​​methods​​to​
​mechanistic​​ODE​​frameworks​​or​​logic-based​​modelling,​​chosen​​according​​to​​data​​availability​
​and​ ​context-of-use​ ​(Paini​ ​et​ ​al.,​ ​2022;​ ​Perkins​ ​et​ ​al.,​ ​2019).​ ​When​ ​coupled​ ​with​
​physiologically​ ​based​ ​pharmacokinetic​ ​or​ ​quantitative​ ​systems​ ​pharmacology​ ​models,​​they​
​enable​ ​quantitative​ ​in​ ​vitro​​-to-​​in​ ​vivo​ ​extrapolation,​ ​translating​ ​cell-based​ ​assay​ ​data​ ​into​
​exposure​ ​thresholds​ ​relevant​ ​for​ ​humans​ ​(Proença​ ​et​ ​al.,​ ​2021;​ ​Sang​ ​et​ ​al.,​ ​2024).​ ​This​
​integrative​ ​direction​ ​has​ ​already​ ​demonstrated​ ​predictive​ ​capacity​ ​for​ ​drug-induced​
​cardiotoxicity (Sang et al., 2024), underscoring its potential for translational applications.​
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​4.3 Concluding remarks​

​This​ ​study​ ​provides​ ​the​ ​first​ ​integrated​ ​AOP​ ​network​ ​for​ ​cardiotoxicity,​ ​transforming​ ​the​
​current​ ​knowledge​ ​in​ ​the​ ​OECD​ ​AOP-Wiki​ ​into​ ​a​ ​coherent​ ​map​ ​of​ ​cardiac​ ​hazard.​ ​The​
​analysis​​identified​​oxidative​​stress,​​mitochondrial​​dysfunction,​​and​​decreased​​contractility​​as​
​central,​​highly​​connected​​key​​events​​that​​serve​​as​​the​​primary​​convergence​​points​​of​​diverse​
​chemical​ ​stressors.​​Importantly,​​the​​network​​highlights​​the​​systemic​​nature​​of​​cardiotoxicity,​
​with​ ​the​ ​cardio-renal​ ​axis​ ​acting​ ​as​ ​a​ ​mechanistic​ ​bridge​ ​that​ ​is​ ​not​ ​captured​ ​by​
​channel-centric​ ​assays.​ ​These​ ​findings​ ​provide​ ​a​ ​strong​ ​mechanistic​ ​foundation​ ​for​
​designing​ ​an​ ​animal-free​ ​and​ ​human-relevant​ ​test​ ​battery​ ​using​ ​a​ ​diverse​ ​collection​ ​of​
​methods,​​including​​multi-organ​​models​​to​​address​​complex​​mechanisms.​​While​​the​​sparcity​
​in​ ​the​ ​source​ ​data​ ​highlights​ ​the​ ​need​ ​for​ ​greater​ ​standardisation​ ​and​ ​curation​ ​within​ ​the​
​AOP​ ​community,​ ​our​ ​work​ ​demonstrates​ ​the​ ​power​ ​of​ ​the​ ​AOP​ ​network​ ​framework​ ​to​
​synthesise​ ​complex​ ​toxicological​ ​information​ ​and​ ​serves​ ​as​ ​a​ ​guiding​ ​resource​ ​for​ ​IATA​
​design​ ​and​ ​the​ ​prioritization​ ​of​ ​animal-free​ ​testing​ ​strategies.​​Our​​KE-assay​​catalogue​​and​
​the​ ​FAIR-aligned​ ​interactive​ ​and​ ​contextual​ ​map​ ​provides​ ​the​ ​community​ ​with​ ​a​ ​living​
​scaffold​ ​that​ ​can​ ​be​ ​iteratively​ ​refined​ ​with​ ​emerging​ ​evidence.​ ​Future​ ​work​​should​​evolve​
​the​ ​networks​ ​into​ ​qAOPs​ ​integrated​ ​with​​detailed​​systems-biology​​maps​​to​​create​​dynamic​
​tools​​for​​assessing​​cardiovascular​​hazard​​and​​risk​​and​​ensuring​​the​​safety​​of​​both​​new​​drugs​
​and environmental chemicals.​
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