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Abstract 

Aging is a progressive, multifactorial biological process that drives the risk of nearly all major chronic 

diseases, including cancer, neurodegeneration, metabolic disorders, frailty, and cardiovascular 

dysfunction. Although the past two decades have established a molecular framework through the 

Hallmarks of Aging, translating this knowledge into actionable, small-molecule interventions that 

enhance healthspan remains a central challenge in the field of geroscience. Experimental discovery 

pipelines are slow, resource-intensive, and typically explore only a minute fraction of chemical space. 

Conversely, computational drug discovery approaches, while high-throughput, often rely on 

chemistry-centric descriptors, exhibit black-box behavior, lack mechanistic interpretability, and rarely 

generalize to biologically novel molecules. This thesis addresses these long-standing limitations by 

developing two complementary artificial intelligence systems, AgeXtend and AgeXtend::Mimetics, 

designed to accelerate mechanism-informed discovery of geroprotective molecules and caloric restriction 

mimetics (CRMs). 

The first objective introduces AgeXtend, a multimodal, bioactivity-driven, and fully explainable AI 

framework. AgeXtend integrates curated datasets of experimentally validated geroprotectors and neutral 

compounds with bioactivity-based descriptors, hallmark-specific classification models, toxicity 

prediction, and target inference modules. By combining mechanistic knowledge with machine learning, 

AgeXtend achieves robust predictive accuracy across cross-validation, leave-one-out validation, and 

independent external datasets. Importantly, the explainability module maps predictions onto nine aging 

pathways, allowing for a mechanistic interpretation of each compound’s mode of action. Large-scale 

screening of ~1.1 billion compounds yielded diverse chemical classes with strong geroprotective 

potential. Experimental validation confirmed these predictions across three biological systems: 

Saccharomyces cerevisiae chronological lifespan assays, human fibroblast senescence assays, and C. 

elegans lifespan assays. Endogenous metabolites and repurposed drugs predicted by AgeXtend 

demonstrated lifespan-extending or senomodulatory activity, underscoring the biological fidelity of its 

predictions. 

Building upon this foundation, the second objective presents AgeXtend::Mimetics, a novel computational 

framework designed to identify Caloric Restriction Mimetics, compounds capable of reproducing CR-like 

physiological responses without structural similarity to known CRMs. Unlike existing approaches that 

rely on transcriptomic signatures alone or structural matching, AgeXtend::Mimetics explicitly decouples 

biological convergence from chemical divergence. Using dual similarity modeling, ridge regression 

residuals, supervised contrastive learning, and composite CRM fingerprinting, the framework identifies 

8 



molecules whose biological signatures align strongly with known CRMs despite having distinct chemical 

architectures. Large-scale application across thousands of compounds revealed chemically novel, 

mechanistically plausible CRM candidates that align with pathways such as nutrient sensing, autophagy, 

mitochondrial remodeling, and metabolic regulation. This framework substantially broadens the chemical 

landscape of CRM discovery and provides mechanistic clarity on CRM-like effects. 

Together, the approaches developed in this thesis demonstrate that explainable, mechanism-oriented AI 

models can successfully bridge the gap between large-scale chemical exploration and biological 

relevance. AgeXtend and AgeXtend::Mimetics collectively advance the field of computational 

geroscience by enabling scalable, interpretable, and experimentally validated discovery of geroprotectors 

and CRMs. These contributions lay the groundwork for future translational studies, the development of 

generative design for longevity therapeutics, and the integration of multi-omic datasets to refine 

mechanism-based discovery pipelines. The thesis highlights both the promise and current limitations of 

AI in aging biology, providing a roadmap for next-generation computational frameworks that target 

healthspan extension.  
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Chapter 1 – Introduction 

1.1 The Biology and Burden of Aging 

Aging is a complex, progressive biological process characterized by the gradual loss of cellular and 

physiological integrity, resulting in decreased function and increased susceptibility to disease and 

mortality (López-Otín et al. 2013; Sanada et al. 2025). The processes that lead to this functional decline 

are not yet fully understood. Across human populations, chronological age is one of the strongest 

statistical correlates of adult mortality between approximately 30 and 90 years of age, a pattern classically 

described by the Gompertz relationship (Gompertz 1825; Gavrilov and Gavrilova 2019; Dolejs and 

Marešová 2017). Yet, despite its robust predictive value at the population scale, chronological age 

provides limited mechanistic insight into an individual’s physiological state or risk of death (Krenz and 

Strulik 2023). Everyone accumulates chronological years at the same rate, but the pace of biological 

deterioration varies markedly across individuals. Consequently, two people of the same chronological age 

can differ substantially in functional capacity, disease burden, and mortality risk. While increases in 

chronological age are unavoidable, the processes that constitute biological aging are modifiable and 

reflect a complex interplay between molecular damage, environmental exposures, lifestyle factors, and 

broader socio-behavioural determinants of health (Ho et al. 2023; Abeliansky et al. 2020). 

Biological age provides a quantitative way to capture the inter-individual variability and plasticity of 

aging (Krenz and Strulik 2023; “Biological Age across the Globe: 1990–2019” 2025). It represents an 

estimate of an individual’s physiological age derived from measurable health or functional indicators, 

rather than elapsed time. As a personalized and dynamic metric, biological age more accurately reflects 

the trajectory of health decline than chronological age, making it a stronger indicator for clinical 

assessment, longevity research, and risk stratification (Z. Li et al. 2023; “Biological Age Predictors” 

2017). At the population scale, it also provides a more comprehensive picture of collective health status 

and can inform evidence-based policy decisions (Levine 2012; Ji et al. 2021). 

Aging is not only a biological process but a socioeconomic burden, responsible for the majority of global 

morbidity and mortality (“Website,” n.d.-a; World Health Organization 2015). With the worldwide 

population aged 60 years and above projected to double by 2050, aging has emerged as the most 

significant risk factor for chronic diseases, including cancer, cardiovascular disorders, neurodegeneration, 

and metabolic dysfunction (“Website,” n.d.-a, “Ageing and Health,” n.d.). In 2015, the World Health 

Organization declared that the rise in chronic conditions among older adults was a worldwide epidemic 

(World Health Organization 2015). The presence of multiple comorbidities in the aging population 
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underestimates the overall burden of age-related diseases. In addition, the pattern of age-related 

accumulation of burden varies across different demographics, with some populations accumulating 

age-related damage earlier than others (“Website,” n.d.-a, “Ageing and Health,” n.d., HelpAge 

International 2024). Substantial differences in aging patterns across different nations also arise due to 

various factors, such as fertility rates and the speed of change of age-specific mortality, among 

others(“The Health-Adjusted Dependency Ratio as a New Global Measure of the Burden of Ageing: A 

Population-Based Study” 2022). This demographic transformation presents unprecedented challenges for 

healthcare systems, economies, and societal structures worldwide. 

While people are living longer, there is little evidence that these additional years are spent in good health 

(“Website,” n.d.-b, no. 10033, “Ageing and Health,” n.d.). This discrepancy poses a significant burden as 

it affects individuals' ability to remain active and independent, leading to increased healthcare needs and 

costs. In low- and middle-income countries, the burden of disease and disability is higher, exacerbating 

socioeconomic disparities (Huang et al. 2025). Conditions like frailty, which are common in older age, 

lead to increased vulnerability and dependency, further straining healthcare systems and social support 

networks (“Website,” n.d.-c). The aging population presents economic challenges, including increased 

demand for healthcare services, long-term care, and social support systems. This demand places a 

financial burden on individuals, families, and governments, particularly in countries with limited 

resources. The cumulative effect of social and economic determinants throughout the life course means 

that those with the most significant health needs in older age often have the fewest resources to address 

them, thereby reinforcing existing inequities (“Website,” n.d.-a). Current pharmaceutical interventions 

primarily address symptoms of age-associated diseases rather than targeting their root molecular causes. 

This symptom-centric approach results in prolonged treatment durations, reduced efficacy, and increased 

healthcare expenditures, highlighting the urgent need for interventions that can delay, prevent, or reverse 

the underlying mechanisms of aging itself (“Website,” n.d.-d). 

Therefore, a mechanistic understanding of aging is essential for the development of geroprotective 

therapies that can extend healthspan rather than merely prolong lifespan, forming the foundation of the 

present research. 

1.2 The Multifactorial Nature of Aging and the Need for Mechanism-Based Interventions 

Contemporary aging research has shifted from seeking a single cause, such as a lone gene or system 

decline, to recognizing aging as an extremely complex, multifactorial process involving the simultaneous 

interaction of multiple biological, molecular, and physiological mechanisms operating across different 
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levels of functional organization (Weinert and Timiras 2003). This complex interplay of interconnected 

cellular and molecular mechanisms operating simultaneously across multiple levels of biological 

organization is conceived as Hallmarks of Aging (López-Otín et al. 2013). These hallmarks include 

genomic instability, telomere shortening, mitochondrial dysfunction, epigenetic alterations, deregulated 

nutrient sensing, cellular senescence, impaired proteostasis, dysbiosis, altered intercellular 

communication, stem cell exhaustion, and disabled autophagy (López-Otín et al. 2013, 2023). These 

alterations collectively compromise tissue regeneration, immune competence, and metabolic efficiency, 

ultimately triggering the onset of various age-associated diseases (Ahmed 2025). These hallmarks are not 

discrete phenomena; instead, they form a tightly connected network where changes in one domain 

propagate across others, shaping the tempo and trajectory of organismal aging (Wang et al. 2025).  

These cell-intrinsic and cell-autonomous hallmarks converge to disrupt three organizational features of 

health: spatial compartmentalization (loss of barrier function and tissue integrity), homeostatic 

maintenance (reduced capacity for sustained metabolic equilibrium), and stress response capability 

(diminished adaptive and regenerative responses) (“Hallmarks of Health” 2021). Experimentally, the 

interconnectedness is demonstrated by heterochronic parabiosis, in which simply connecting the 

circulatory systems of young and old mice triggers systemic rejuvenation of multiple tissues; a 

phenomenon visualized at the single-cell transcriptomic level, revealing restoration of gene expression 

across diverse cell types (Pálovics et al. 2022; “Website,” n.d.-e). 

These pathways often exhibit compensatory or antagonistic relationships, forming a complex regulatory 

network that governs cellular health and organismal longevity (López-Otín et al. 2013; Sanada et al. 

2025). The multifaceted nature of the aging process thus, necessitates holistic therapeutic strategies rather 

than conventional single-target drug modalities and also demonstrates that interventions modulating only 

one pathway are insufficient to meaningfully influence aging trajectories (Wang et al. 2014).​

​

Conventional drug discovery pipelines, which are fundamentally optimized for monogenic diseases 

through reductionist target-based approaches, fail to adequately address the inherent complexity of aging 

(Duval 2018). Aging operates through interconnected, pleiotropic mechanisms where interventions 

produce context-dependent effects that resist capture by traditional single-target pharmacology 

(López-Otín et al. 2013). This methodological inadequacy is further exacerbated by critical infrastructure 

deficits in the field: the scarcity of validated geroprotectors to establish proof-of-concept, the absence of 

validated mechanistic biomarkers to guide drug development, and the lack of standardized experimental 

assays for aging phenotyping (Herzog et al. 2024; Perri et al. 2025; “Aging: Therapeutics for a Healthy 

Future” 2020). These foundational gaps have resulted in severely limited chemical diversity among 
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known geroprotectors, constraining innovation. Furthermore, even promising interventions targeting 

specific hallmarks; including telomerase gene therapy for telomere attrition, NAD⁺ precursors for 

genomic stability, epigenetic reprogramming with Yamanaka factors, and rapamycin-based autophagy 

enhancement; encounter substantial translational obstacles: cancer risk from sustained pathway activation, 

off-target effects from insufficient selectivity, delivery limitations for complex biologics, and critically, 

insufficient long-term safety data in humans (Bernardes de Jesus et al. 2012; “NAD+ in Aging: Molecular 

Mechanisms and Translational Implications” 2017; Kane and Sinclair 2019; Szőke et al. 2023; Sanada et 

al. 2025). The paradoxical challenge of imprecise modulation cannot be overstated: therapies intended to 

stimulate rejuvenation may inadvertently accelerate aging if not rigorously controlled, triggering cellular 

senescence, stem cell exhaustion, or malignant transformation. Overcoming these limitations requires 

fundamentally reimagining the discovery paradigm toward precision, tissue-specific modulation; transient 

rather than chronic pathway manipulation; and rationally designed, combinatorial approaches capable of 

achieving multi-hallmark rejuvenation without compromising organismal safety. 

Recognition of the multifactorial, interconnected nature of aging has catalyzed the development of 

geroprotectors: compounds and interventions targeting one or multiple hallmarks of aging to slow, arrest, 

or reverse the aging process and extend healthspan (Moskalev et al. 2017; “Website,” n.d.-f). 

Geroprotectors broadly aim to address the fundamental causes of aging through diverse mechanisms: 

genetic intervention (telomerase activation, SIRT6 overexpression), pharmacological inhibition of 

pro-aging pathways (mTORC1 inhibitors like rapamycin), activation of protective pathways (AMPK 

activators, sirtuin activators), enhancement of cellular quality control (autophagy inducers), and immune 

modulation (Gkioni et al. 2025; Chen et al. 2021; Lamming et al. 2013; Mannick and Lamming 2023; 

Barcena et al. 2025; Zinecker and Simon 2022). 

Critically, caloric restriction represents the most robust and widely validated geroprotective intervention 

across diverse model organisms from yeast to primates, extending lifespan by 10-40% through 

suppression of nutrient-sensing pathways, activation of autophagy, enhanced mitochondrial function, and 

reduced inflammation (Taormina and Mirisola 2014; “Dietary Restriction in Rats and Mice: A 

Meta-Analysis and Review of the Evidence for Genotype-Dependent Effects on Lifespan” 2012). 

However, the requirement for sustained caloric reduction, maintaining 15-30% reduced intake 

indefinitely, renders caloric restriction impractical for most humans due to poor compliance (Di Francesco 

et al. 2024). This practical limitation catalyzed the development of caloric restriction mimetics (CRMs): 

pharmacological and dietary compounds that replicate the molecular and physiological signatures of 

caloric restriction without requiring sustained caloric deficit (Dhahbi et al. 2005). Examples include 

metformin (demonstrating 92% overlap with caloric restriction gene expression profiles), resveratrol 
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activating sirtuins, rapamycin and its rapalogs inhibiting mTORC1, NAD⁺ precursors (nicotinamide 

mononucleotide, nicotinamide riboside) enhancing mitochondrial function and autophagy, and spermidine 

inducing autophagy through TFEB pathway activation (Di Francesco et al. 2024; Hofer et al. 2021; 

Lakshminarasimhan et al. 2013; Lamming et al. 2013). Intermittent fasting and time-restricted eating 

protocols achieve CRM-like effects while avoiding chronic weight loss (Soliman 2022). 

Importantly, CRMs are not entirely distinct from the broader class of geroprotective compounds but 

instead occupy an overlapping mechanistic space within the aging intervention landscape (Moskalev et al. 

2017). Many interventions originally categorized as geroprotectors exert effects that partially recapitulate 

the signaling programs associated with caloric restriction (Chung and Chung 2019). For example, 

compounds such as rapamycin, metformin, and spermidine simultaneously influence nutrient sensing, 

autophagy, mitochondrial metabolism, and cellular stress responses - pathways that represent core nodes 

within both caloric restriction biology and broader longevity regulation (Mouchiroud et al. 2010). At the 

systems level, these pathways form an interconnected regulatory network where perturbation of one node 

propagates across multiple hallmarks of aging (Gabandé-Rodríguez et al. 2019). Consequently, the 

distinction between caloric restriction mimetics and general geroprotective interventions is often 

conceptual rather than absolute, with many compounds acting along a mechanistic continuum that 

modulates shared longevity-associated signaling circuits. 

These geroprotectors and CRMs are being systematically evaluated in clinical trials for their capacity to 

extend healthspan and prevent or reverse age-related diseases, with early evidence in humans supporting 

improved metabolic parameters, enhanced immune function, reduced chronic inflammation markers, and 

improved physical and cognitive performance (“Website,” n.d.-g). The convergence of mechanistic 

understanding of aging hallmarks with therapeutic development of geroprotectors represents a paradigm 

shift from treating individual age-related diseases toward mechanism-based interventions addressing 

aging itself as the ultimate risk factor for disease.  

1.3 Research Gaps in Gerotherapeutic Discovery 

Despite remarkable progress in understanding the biological architecture of aging, the transition from 

mechanistic insight to effective gerotherapeutic development remains fraught with structural, 

methodological, and translational barriers. Although numerous studies have demonstrated that modulation 

of nutrient sensing, mitochondrial homeostasis, proteostasis, inflammation, and other hallmarks can 

extend lifespan in model organisms, the translation of these interventions to humans has been inconsistent 

and often limited by safety concerns, context-dependence, and pathway pleiotropy (Kulkarni et al. 2022; 
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Campisi et al. 2019; Parkhitko et al. 2023; Rolland et al. 2023). Many promising compounds, ranging 

from CRMs such as metformin and rapamycin to senolytics and NAD⁺ boosters, exhibit dose-sensitive or 

tissue-specific effects that complicate clinical use, reflecting the difficulty of targeting aging-related 

pathways that are deeply interconnected and essential for organismal homeostasis (Kennedy et al. 2014; 

Justice et al. 2016; Lee et al. 2024). 

A major barrier stems from the reductionist orientation of conventional drug-discovery frameworks, 

which were designed for monogenic diseases but are poorly suited for a process regulated by dynamic, 

polygenic, and network-level interactions (Duval 2018). Aging is characterized by tightly coupled 

hallmarks, such as genomic instability, mitochondrial dysfunction, epigenetic drift, and chronic 

inflammation, where perturbation of one node often propagates unpredictably across multiple systems 

(Bell et al. 2019). As a result, single-target interventions can generate compensatory or deleterious 

off-target effects, limiting their translational feasibility. Systems-level and combinatorial strategies are 

therefore increasingly recognized as necessary, yet remain underdeveloped (Partridge 2010; Rose et al. 

2010). 

The discovery pipeline is further constrained by the scarcity of validated geroprotective compounds and 

the narrow chemical diversity of those already identified (“Dietary Polyphenols as Geroprotective 

Compounds: From Blue Zones to Hallmarks of Ageing” 2025). Analyses of chemical space reveal that 

known geroprotectors cluster into a restricted set of scaffolds with overlapping mechanisms, reflecting 

both biological bias and methodological limitations in screening approaches (Moskalev et al. 2016; 

Rivero-Segura et al. 2024). Compounding this challenge is the limited reproducibility of many reported 

geroprotective effects, especially in mammalian systems, where lifespan and healthspan outcomes remain 

sensitive to strain, diet, environmental variation, and experimental design (Dakik et al. 2019; Furrer and 

Handschin 2023). These issues underscore the need for systematic, and standardized screening platforms 

that can interrogate multi-hallmark biology across diverse model systems (Pan et al. 2025). 

Another critical gap lies in the absence of robust biomarkers and validated endpoints for evaluating aging 

interventions in humans (Moqri et al. 2024). While DNA methylation “clocks,” transcriptomic signatures, 

and composite biomarker panels hold promise, many lack mechanistic specificity, sensitivity to 

interventions, or validation across different tissues and populations (Tao et al. 2024; Perri et al. 2025; 

Zheng et al. 2024). The absence of reliable, clinically actionable biomarkers complicates trial design, 

slows regulatory progress, and limits the ability to benchmark different classes of geroprotectors (Rolland 

et al. 2023; Herzog et al. 2024). Furthermore, aging is not yet recognized as a treatable indication by 

regulatory agencies, which requires most trials to target individual age-related diseases rather than the 
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aging process itself (“Advancing Geroscience Research – A Scoping Review of Regulatory Environments 

for Gerotherapeutics” 2025). 

Finally, long-term safety remains a pervasive uncertainty. Interventions that modulate fundamental 

biological processes, such as telomerase activation, mTOR inhibition, epigenetic reprogramming, or 

immune rejuvenation, carry inherent risks of oncogenesis, immune dysregulation, metabolic imbalance, or 

loss of tissue identity (Sanada et al. 2025; Ji et al. 2023; An et al. 2025; X. Li et al. 2023). Understanding 

these trade-offs, identifying safe therapeutic windows, and designing precision strategies that restrict 

intervention to specific tissues, dosages, or timeframes represent ongoing challenges in the field (Tenchov 

et al. 2024). 

Collectively, these research gaps underscore the pressing need for next-generation discovery frameworks 

that integrate systems biology, unbiased chemical space exploration, high-resolution biomarkers, 

standardized screening platforms, and computational AI-driven prioritization (Groff-Vindman et al. 2025; 

Marino et al. 2023; Kattuparambil et al. 2025; Lu et al. 2025). Addressing these limitations will be crucial 

for advancing geroprotective candidates from conceptual promise to clinically viable therapeutics that can 

extend human healthspan. 

1.4 Thesis Objectives 

Artificial intelligence offers a powerful opportunity to accelerate the discovery of gerotherapeutics, 

provided that the computational frameworks are not only predictive but also mechanistically interpretable 

and biologically grounded. This thesis is therefore driven by the need to create integrated, 

mechanism-informed AI systems that bridge biological knowledge, chemical diversity, and experimental 

validation. 

Objective 1 focuses on establishing an explainable, bioactivity-centered AI framework, AgeXtend, for 

the systematic discovery of geroprotective molecules (Figure 1.1). The objective encompasses predictive 

modeling, hallmark-level mechanistic inference, toxicity profiling, and putative target identification. The 

underlying hypothesis for Objective 1 is that bioactivity-driven representations encode cross-pathway 

mechanistic signatures of geroprotection more effectively than conventional chemical descriptors, thereby 

enabling accurate, interpretable, and biologically meaningful predictions. 

Objective 2 aims to develop a statistically principled and biologically convergent–chemically divergent 

discovery pipeline, AgeXtend::Mimetics, for identifying novel Caloric Restriction Mimetics (CRMs) 

(Figure 1.1). This pipeline integrates dual cosine similarity, ridge-regression residual calculations, and a 
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supervised contrastive learning (SupCon) module trained on CRM-associated pathways to construct 

functional CRM fingerprints. The core hypothesis for Objective 2 is that compounds demonstrating high 

biological similarity but low chemical similarity to known CRMs exhibit conserved mechanistic attributes 

of caloric restriction and thus represent strong candidates for novel CRM discovery. 

1.5 Thesis Contributions and Roadmap 

This thesis makes several conceptual, methodological, and translational contributions to the field of 

geroscience and AI-driven drug discovery. At a conceptual level, it introduces a unified framework for 

mechanism-informed, explainable AI applied to aging biology, shifting the paradigm from purely 

predictive models toward systems that provide biological insight and translational relevance. 

Methodologically, the thesis presents AgeXtend, a multimodal AI platform that integrates 

bioactivity-derived features, hallmark-level mechanistic decomposition, toxicity assessment, and target 

inference into a cohesive pipeline. The work also contributes an innovative statistical and AI-driven CRM 

discovery framework, AgeXtend::Mimetics, which operationalizes the principle of biological 

convergence and chemical divergence using dual similarity metrics, ridge regression residuals, and a 

supervised contrastive learning encoder capable of generating pathway-level CRM fingerprints. 
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Figure 1.1 Graphical representation depicting the thesis objectives - AgeXtend and AgeXtend::Mimetics 

Experimentally, the thesis demonstrates cross-species validation spanning yeast chronological lifespan 

assays, human fibroblast senescence assays, and C. elegans lifespan experiments, establishing the 

functional relevance of AI-predicted candidates. In addition, this research introduces curated datasets, 

validated pipelines, and reproducible computational resources that can serve as foundational tools for 

future aging research. 

The remainder of this thesis is organized as follows. Chapter 1 provides the motivation, research gaps, 

objectives, and broad contributions of the work. Chapter 2 surveys the biological, computational, and 

pharmacological foundations required to contextualize this research, covering the hallmarks of aging, 

computational drug discovery methods, microbiome-associated metabolites, and the CRMs landscape. 

Chapter 3 presents the development, implementation, and validation of AgeXtend. Chapter 4 introduces 
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the AgeXtend::Mimetics pipeline and details the statistical and AI methods used to identify novel CRMs. 

Chapter 5 summarizes findings across both objectives and evaluates the broader biological and 

translational implications. Finally, Chapter 6 concludes the thesis with key insights, limitations, and future 

directions. 
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Chapter 2 – Background and Related Work 

2.1 Hallmarks of Aging, Metabolic Axes, and Pharmacological Modulation of Aging 

Aging is driven by progressive and systemic deterioration in molecular, cellular, and physiological 

functions. The "Hallmarks of Aging" framework provides a unified conceptual model describing twelve 

interconnected biological processes: genomic instability, telomere attrition, epigenetic alterations, loss of 

proteostasis, deregulated nutrient sensing, mitochondrial dysfunction, cellular senescence, stem cell 

exhaustion, altered intercellular communication, dysbiosis, disabled macroautophagy, and chronic 

inflammation (López-Otín et al. 2023). These hallmarks interact through dense metabolic and signaling 

networks, forming conserved longevity axes across species (Mercken et al. 2017; DiLoreto and Murphy 

2017; Houtkooper et al. 2010; “Conserved Signaling Pathways Genetically Associated with Longevity 

across the Species” 2019). 

Increasing evidence indicates that the hallmarks of aging are not isolated processes but components of a 

tightly integrated regulatory network in which perturbations in one domain propagate across others 

(López-Otín et al. 2013, 2023). For example, mitochondrial metabolism directly shapes epigenetic 

regulation through the availability of metabolites such as acetyl-CoA, NAD⁺, and α-ketoglutarate, which 

serve as essential cofactors for chromatin-modifying enzymes (Liu et al. 2022). Similarly, defects in DNA 

repair activate inflammatory signaling through cytosolic DNA sensing pathways such as cGAS–STING, 

linking genomic instability to chronic inflammation and the phenomenon of inflammaging (Zhao et al. 

2023). Nutrient-sensing pathways further integrate metabolic regulation with proteostasis through 

coordinated control of autophagy and protein quality control systems (Gressler et al. 2023). These 

examples illustrate that aging hallmarks function as interdependent regulatory modules within a 

systems-level network rather than discrete biological events. 

Central metabolic pathways, including AMPK, mTOR, SIRT1, FOXO transcription factors, and 

mitochondrial oxidative metabolism, serve as integrative hubs within these hallmarks (Guan et al. 2025). 

Perturbations in nutrient sensing, mitochondrial function, and proteostasis serve as early drivers of 

organismal aging, with metabolic axes often dictating tissue-specific outcomes (Amorim et al. 2022; 

Tenchov et al. 2023). This mechanistic interconnectedness is the basis for pharmacological interventions 

targeting aging (Guo et al. 2022). 

Genomic instability represents a foundational hallmark, reflecting the continuous accumulation of DNA 

damage from endogenous metabolic byproducts and exogenous insults (“Genomic Instability as a Main 

Driving Factor of Unsuccessful Ageing: Potential for Translating the Use of Micronuclei into Clinical 
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Practice” 2021). Failures in DNA repair, chromosomal aberrations, mitochondrial DNA mutations, and 

defects in nuclear architecture collectively compromise genomic fidelity (Huang and Zhou 2021; Hakem 

2008). These alterations not only diminish cellular function but also seed downstream hallmarks, such as 

senescence and stem cell exhaustion. 

Telomere attrition further accelerates genomic vulnerability (Harman and Bryan 2024). Progressive 

shortening of telomeric DNA impairs chromosome stability, induces replicative senescence, and triggers 

maladaptive stress responses. Telomere erosion is positioned as a core driver linking 

replication-associated DNA damage to systemic aging phenotypes, particularly in high-turnover tissues. 

Epigenetic alterations constitute another central hallmark, encompassing age-associated changes in DNA 

methylation, histone modifications, and chromatin organization (Gonzalo 2010; “Epigenetic Interplay 

between Histone Modifications and DNA Methylation in Gene Silencing” 2008). These epigenetic drifts 

disrupt transcriptional precision and weaken cellular identity. The crosstalk between epigenetic 

dysregulation and other hallmarks, especially genomic instability, mitochondrial dysfunction, and loss of 

proteostasis, is extensive and mechanistically bidirectional (“Mitochondrial-Epigenetic Crosstalk in 

Environmental Toxicology” 2017). 

Proteostasis collapse, characterized by impaired protein folding, clearance, and quality control, is closely 

linked to the decline of macroautophagy (Taylor and Dillin 2011; “The Aging Proteostasis Decline: From 

Nematode to Human” 2021). Disabled macroautophagy has a broad role in the turnover of proteins, 

lipids, and even organelles (Martinez-Lopez et al. 2015). Loss of proteostasis amplifies cellular stress, 

promotes aggregation-related toxicity, and feeds into mitochondrial damage and inflammatory signaling. 

Deregulated nutrient sensing integrates endocrine, metabolic, and stress response pathways (López-Otín 

et al. 2023). Aging perturbs key nutrient-sensing nodes, IGF-1, mTORC1, AMPK, and sirtuins, leading to 

imbalanced anabolic and catabolic fluxes. Deregulated nutrient sensing influences multiple other 

hallmarks, including autophagy, inflammation, mitochondrial health, and DNA repair (Templeman and 

Murphy 2018). Its centrality is underscored by the number of lifespan-extending interventions that act 

through nutrient-sensing modulation. 

Mitochondrial dysfunction is another pivotal hallmark, reflecting cumulative defects in respiratory chain 

function, ATP production, mitophagy, and redox balance (“Mechanisms Linking Mitochondrial 

Dysfunction and Proteostasis Failure” 2020). Mitochondrial damage generates secondary consequences, 

excessive ROS, apoptotic susceptibility, and metabolic inflexibility, which propagate to genomic 
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instability, senescence, and inflammation (Peoples et al. 2019). This reciprocal reinforcement renders 

mitochondrial maintenance a high-value therapeutic target (Reddy and Reddy 2011). 

 
Reproduced from López-Otín et al. 2023 (López-Otín et al. 2023) (permission granted) 

Figure 2.1 The hallmarks of aging 

This schematic illustrates the twelve proposed hallmarks that collectively define the aging process: genomic 

instability, telomere shortening, epigenetic drift, impaired proteostasis, reduced macroautophagy, disrupted 

nutrient-sensing, mitochondrial dysfunction, cellular senescence, depletion of stem cell reserves, altered 

intercellular signaling, persistent inflammation, and microbial dysbiosis. These hallmarks are organized into three 
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overarching domains—primary, antagonistic, and integrative—based on their hierarchical roles in the biology of 

aging. 

Cellular senescence emerges from DNA damage, telomere crisis, oxidative stress, and oncogenic stimuli 

(Nousis et al. 2023). The senescence-associated secretory phenotype (SASP) disseminates pro-aging 

signals systemically, disrupting intercellular communication and contributing to chronic inflammation, 

tissue degeneration, and stem cell exhaustion (Itahana et al. 2001; Saretzki 2025). Senescence 

encompasses both cell-autonomous and non-cell-autonomous effects, consistent with parabiosis and 

transplanted-cell experiments, which demonstrate the systemic propagation of aging phenotypes (Coppé 

et al. 2008). 

Stem cell exhaustion captures the waning regenerative capacity of tissues, driven by cumulative genomic 

and epigenetic damage, senescence burden, mitochondrial dysfunction, and altered niche signals (Oh et al. 

2014). With age, stem cells lose proliferative vigor and lineage fidelity, contributing directly to functional 

decline in the hematopoietic, musculoskeletal, and epithelial systems. 

Finally, dysbiosis and chronic inflammation form integrative hallmarks that reflect systemic breakdowns 

in host–microbiome interactions and immune homeostasis (Shen et al. 2025). There is extensive evidence 

linking age-related microbial shifts to inflammaging, metabolic disruption, impaired microglial function, 

and cognitive decline (Warren et al. 2024). Chronic inflammation amplifies damage across nearly all other 

hallmarks, while dysbiosis contributes to immune dysregulation, barrier dysfunction, and altered nutrient 

processing; exemplifying the multidirectional nature of hallmark interactions (López-Otín et al. 2023). 

Several small molecules have demonstrated the ability to modulate these metabolic and hallmark-related 

processes. Rapamycin inhibits mTOR signaling and promotes autophagy, metformin activates AMPK and 

enhances mitochondrial efficiency, NAD⁺ precursors boost sirtuin activity, and senolytics eliminate 

senescent cells to reduce inflammaging (Lin et al. 2018; Stephenne et al. 2011; Wang et al. 2021; 

“Senolytics Decrease Senescent Cells in Humans: Preliminary Report from a Clinical Trial of Dasatinib 

plus Quercetin in Individuals with Diabetic Kidney Disease” 2019). Autophagy inducers, such as 

spermidine, promote proteostasis and cytoprotective mechanisms (Yang et al. 2017). Despite these 

advances, pharmacological strategies remain limited by low mechanistic resolution, modest chemical 

diversity, and a lack of scalable discovery platforms. This underscores the need for computational systems 

that can model aging-relevant biological complexity and discover compounds aligned with conserved 

metabolic and hallmark pathways (Cohen et al. 2022). 
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2.2 AI in Geroscience and Computational Drug Discovery 

AI has emerged as a transformative force in drug discovery, offering mechanistic insights and enabling 

navigation of vast chemical spaces (“Artificial Intelligence in Drug Discovery and Development” 2021). 

In geroscience, AI frameworks must capture the multifactorial, pleiotropic, and cross-pathway nature of 

aging; attributes that challenge conventional prediction models (“Artificial Intelligence (AI) in Drug 

Design and Discovery: A Comprehensive Review” 2025). 

 
Figure 2.2 Evolution of the modern aging research landscape (2005–2023) 

Timeline summarizing key discoveries that transformed aging from a descriptive process into a modifiable biological 

outcome. Foundational advances include systemic rejuvenation via heterochronic parabiosis (Conboy et al., 

2005(Conboy et al. 2005)), late-life lifespan extension by rapamycin (Harrison et al., 2009(Harrison et al. 2009)), 

and the formalization of the Hallmarks of Aging framework (López-Otín et al., 2013(López-Otín et al. 2013)). 

Translational validation followed through human caloric restriction (CALERIE, 2015(Ravussin et al. 2015)) and 

senolytic trials (Justice et al., 2019(Justice et al. 2019)), culminating in recent metabolite-based lifespan modulation 

such as taurine supplementation (Singh et al., 2023(Singh et al. 2023)). 

Several computational paradigms contribute to this space: 

A. QSAR and Classical Models 

Traditional QSARs utilize handcrafted chemical descriptors and machine learning algorithms, such as 

logistic regression, ridge regression, random forests, gradient boosting, and SVMs, to predict biological 

activity. These models offer interpretability and robustness, but are limited when biological complexity 

exceeds that of chemical structure alone (Santiago-de-la-Cruz et al. 2025; Liu et al. 2024). AgeXtend 
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incorporates classification and regression methods to predict geroprotective potential, toxicity likelihood, 

and hallmark alignment. 

B. Transcriptomics and Perturbational Signatures 

Transcriptomic-based discovery frameworks, including Connectivity Map (CMap) and gene expression 

reversal methods, match biological perturbation signatures to identify compounds that mimic or reverse 

specific cellular states (Musa et al. 2018). While powerful, these approaches struggle with cell-line 

dependency, batch effects, limited mechanistic decomposition, and a lack of integration with chemical 

representations. AgeXtend::Mimetics extends this paradigm by modeling biological similarity between 

chemical compounds as a central parameter. 

C. Classification & Regression in Geroprotector Prediction 

Machine learning (ML) has emerged as a key tool in geroprotector discovery, enabling scalable 

prioritization of compounds beyond low-throughput experimental screening. Existing computational 

efforts largely frame the problem as either classification, where compounds are labeled as geroprotective 

or non-geroprotective, or regression, where quantitative aging-related outcomes are predicted (Moskalev 

et al. 2016). Both paradigms have been explored in the literature, shaped primarily by data availability 

and biological complexity. 

Early work in geroprotector prediction predominantly adopted classification-based approaches, driven by 

the scarcity of standardized, continuous effect-size measurements across aging studies 

(Santiago-de-la-Cruz et al. 2025). Models were typically trained on curated datasets such as DrugAge, 

using classical supervised algorithms including logistic regression, support vector machines, random 

forests, and gradient boosting. Most relied on chemical fingerprints or physicochemical descriptors, 

achieving reasonable performance but often exhibiting limited generalization to chemically novel 

scaffolds. This limitation reflects both the narrow chemical diversity of known geroprotectors and the 

inherent uncertainty of negative labels, which frequently correspond to untested rather than truly neutral 

compounds. 

To address these shortcomings, subsequent studies incorporated biologically informed features, such as 

known drug–target interactions, pathway memberships, and gene expression perturbation profiles 

(Stolbov et al. 2025; Dönertaş et al. 2018). Transcriptomic similarity to longevity-associated signatures or 

caloric restriction responses has been particularly influential, improving biological relevance compared to 

structure-only models. However, such approaches remain constrained by context dependence, incomplete 
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coverage, and reliance on surrogate cellular systems, which may not fully capture the biology specific to 

aging. 

More recent efforts have explored deep learning architectures, including graph neural networks and 

pre-trained molecular encoders, to model nonlinear structure-activity relationships (Cai et al. 2022; Yao et 

al. 2024). While these models can outperform classical methods, their effectiveness in geroscience is 

limited by small labeled datasets, often necessitating transfer learning or pretraining on large chemical 

corpora. Interpretability also remains a challenge, as many deep models provide limited mechanistic 

insight into aging-related predictions. 

In contrast, regression-based models aim to predict continuous aging outcomes such as lifespan extension 

or survival metrics (Mutz et al. 2024). Although regression preserves effect-size information and supports 

finer prioritization, its application is hindered by the heterogeneity of aging assays, species differences, 

and experimental conditions. Consequently, regression approaches are often restricted to 

organism-specific or assay-specific settings or are replaced by ordinal approximations of geroprotective 

strength. 

Overall, existing research highlights persistent challenges in predicting geroprotector, including dataset 

bias, label noise, and the multifaceted nature of aging (Table 2.1). These limitations have motivated the 

development of multi-model and mechanism-aware frameworks that explicitly account for biological 

heterogeneity rather than treating geroprotection as a single homogeneous phenotype. The approaches 

developed in this thesis build upon these insights by integrating bioactivity-centric representations, 

interpretable modeling, and mechanistic decomposition, aiming to improve generalization, biological 

relevance, and experimental utility in geroprotective discovery. 

AgeXtend relies on supervised learning and classification to identify geroprotectors and their hallmark 

level mechanism of action, as well as toxicity and regression to further estimate toxicity risks and dosage. 

These models integrate bioactivity descriptors (Signaturizer) with chemical features, forming a 

high-dimensional, biologically enriched representation space (Bertoni et al. 2021). Interpretation using 

SHAP enhances mechanistic transparency and aligns with the thesis goal of explainable AI. 

D. Conditional Mutual Information (CMI) as a Foundation for Mechanism-Aware Similarity 

Modeling 

Conditional Mutual Information (CMI) provides a principled information-theoretic framework for 

quantifying the dependence between two variables while explicitly controlling for the influence of a third 

(Thomas M. Cover and Thomas 2006). In biological modeling, this is particularly valuable because 

34 

https://paperpile.com/c/kC2Otl/lFWdg+e8iLF
https://paperpile.com/c/kC2Otl/lFWdg+e8iLF
https://paperpile.com/c/kC2Otl/GJIRG
https://paperpile.com/c/kC2Otl/7fKfl
https://paperpile.com/c/kC2Otl/41Nmk


observed associations often arise from confounding factors rather than true mechanistic coupling 

(Neuberg 2003). By conditioning out known sources of correlation, CMI enables isolation of the residual 

signal that reflects genuine functional or mechanistic alignment. 

Table 2.1 Comparison of Machine Learning Paradigms for Geroprotector Prediction 

In this thesis, AgeXtend::Mimetics adopts this philosophy computationally, translating the core intuition 

of CMI into a tractable similarity-based framework suitable for large-scale chemical screening. The 

central objective is to disentangle biological convergence from chemical redundancy; that is, to identify 

molecules that resemble known caloric restriction mimetics (CRMs) in their biological effects, even when 

they are structurally dissimilar. Formally computing CMI in high-dimensional chemical–biological spaces 

is often infeasible due to data sparsity and the need for distributional assumptions. Instead, 
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Aspect Classic ML Models Deep Learning Models Bioactivity-Based Models 
Typical Algorithms Logistic regression, SVM, 

Random Forest, Gradient 
Boosting, XGBoost 

GNNs, CNNs, 
Transformers, pretrained 
molecular encoders 

Linear/ensemble models or 
DL on perturbational 
embeddings 

Primary Input 
Features 

Chemical fingerprints 
(ECFP), physicochemical 
descriptors (RDKit, 
Mordred) 

Molecular graphs, 
SMILES, learned 
embeddings 

Drug-induced bioactivity 
signatures, pathway/target 
perturbations 

Data Requirements Low–moderate; works with 
small curated datasets 

High; often requires 
pretraining or transfer 
learning 

Moderate; leverages external 
perturbation data 

Generalization to 
Novel Chemotypes 

Limited; often biased toward 
known scaffolds 

Improved with 
pretraining, but still 
chemistry-driven 

High; captures biological 
convergence independent of 
structure 

Interpretability Moderate (feature 
importance, SHAP) 

Low–moderate (post-hoc 
explainability) 

High; pathway- and 
mechanism-level 
interpretability 

Handling of Aging 
Pleiotropy 

Weak; treats geroprotection 
as a single label 

Implicit; depends on 
architecture and data 

Strong; explicitly models 
multi-pathway effects 

Typical Use in 
Geroscience 

Early geroprotector 
classifiers 

Emerging, exploratory 
applications 

Mechanism-informed 
geroprotector/CRM 
discovery 

Key Limitations Overfitting, label noise, 
structural bias 

Data hunger, black-box 
behavior 

Dependence on quality and 
coverage of bioactivity data 

References (Santiago-de-la-Cruz et al. 
2025), (Yarmolenko and 
Howlin 2022), (Kapsiani and 
Howlin 2021) 

(Eslami Manoochehri et 
al. 2018), (Cai et al. 
2022) 

(Ribeiro et al. 2022), (Yao et 
al. 2024), (Zeng et al. 2020) 
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AgeXtend::Mimetics operationalizes a CMI-inspired surrogate that preserves the conditional reasoning 

while remaining computationally scalable. 

This is achieved through paired similarity measures: cosine similarity in biological embedding space, 

which captures shared pathway- and mechanism-level signatures, and cosine (or Tanimoto-derived) 

similarity in chemical space, which captures structural relatedness. Ridge regression is then used to model 

the expected biological similarity as a function of chemical similarity, effectively learning the baseline 

level of biological resemblance that can be attributed to shared chemical features alone. The residuals 

from this regression, defined as the difference between observed and expected biological similarity, 

represent the component of biological alignment that cannot be explained by chemistry. 

These residuals serve as an approximation to conditional mutual information, highlighting compounds 

whose biological similarity to known CRMs remains high even after conditioning on chemical similarity. 

In practical terms, this residual-based score prioritizes candidates that are mechanistically aligned yet 

chemically novel, directly addressing one of the central challenges in CRM discovery. By grounding 

candidate ranking in this conditional-information framing, AgeXtend::Mimetics avoids over-prioritizing 

trivial analogs of known CRMs and instead surfaces molecules that expand the explored chemical space 

while preserving biological relevance. 

Overall, this CMI-inspired modeling strategy provides a statistically motivated foundation for the 

biological convergence/chemical divergence paradigm introduced in this thesis. It underpins the 

robustness of the CRM prioritization pipeline, supports interpretability at the mechanism level, and 

ensures that novelty in chemical structure does not come at the cost of biological plausibility. 

E. Contrastive Learning and Supervised Contrastive Learning (SupCon) 

Contrastive learning is a representation learning paradigm designed to learn meaningful latent spaces by 

comparing samples relative to one another rather than relying solely on explicit labels. The core principle 

of contrastive learning is to pull similar samples closer together while pushing dissimilar samples apart in 

an embedding space, thereby capturing intrinsic structure in the data (Wang and Isola 2020). Originally 

developed in self-supervised settings, where positive and negative pairs are constructed through data 

augmentations, contrastive learning has demonstrated strong performance in domains where semantic 

similarity is more informative than absolute class boundaries (Chen et al. 2020). 

In biological and chemical modeling, contrastive learning is particularly appealing because functional 

similarity often emerges from shared mechanisms rather than identical structures. This makes contrastive 

objectives well-suited for tasks such as pathway inference, mechanism discovery, and phenotype-driven 
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clustering, where the geometry of the latent space itself carries interpretive value (Lan et al. 2025; Yang et 

al. 2024). 

Supervised Contrastive Learning (SupCon) extends this paradigm by explicitly incorporating class or 

mechanism labels to define positive and negative relationships (Khosla et al. 2020). Instead of relying on 

augmented views of the same sample, SupCon treats all samples sharing the same label as positives and 

samples with different labels as negatives. This formulation strengthens the alignment between latent 

representations and known biological categories, producing embeddings that are both discriminative and 

semantically structured. 

In AgeXtend::Mimetics, SupCon is employed to derive CRM pathway fingerprints, embedding 

mechanistic information about caloric restriction–associated pathways directly into the latent 

representation. Compounds are labeled according to their known or inferred CRM-related pathway 

associations, and a neural network encoder is trained to project bioactivity descriptors into a 

low-dimensional embedding space. A projection head is appended to the encoder, and the supervised 

contrastive loss is applied to ensure that compounds sharing similar CRM mechanisms are pulled closer 

together in the embedding space, while mechanistically distinct compounds are pushed apart. 

Architecturally, the SupCon framework consists of a backbone network that processes bioactivity-based 

input features, followed by a projection head that maps intermediate representations into a contrastive 

embedding space optimized under the SupCon loss. This separation between representation learning and 

downstream inference allows the learned embeddings to capture mechanistic structure rather than merely 

optimizing for classification accuracy. After training, the projection head outputs are used to compute 

pathway-level similarity scores and probabilistic pathway activations, forming the basis of CRM pathway 

fingerprints. 

By structuring the latent space around mechanistic similarity rather than chemical structure, SupCon 

complements the conditional similarity modeling used elsewhere in AgeXtend::Mimetics. Together, these 

components ensure that candidate CRMs are prioritized not only for overall biological convergence but 

also for coherent pathway-level alignment, thereby enhancing interpretability, robustness, and biological 

plausibility of the CRM discovery pipeline. 

Collectively, these AI paradigms shape the computational landscape of modern geroscience, motivating 

the design choices underlying the two frameworks developed in this thesis. 
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2.3 Role of Microbiome and Endogenous Metabolites in Aging 

The gut microbiome undergoes profound shifts with age, reflecting a transition toward lower diversity, 

increased pro-inflammatory taxa, disrupted metabolic outputs, and impaired epithelial barrier function 

(Shen et al. 2025; Warren et al. 2024). Young individuals tend to exhibit metabolite-rich microbiomes, 

producing short-chain fatty acids (SCFAs), spermidine, indole derivatives, tryptophan metabolites, and 

specialized lipids that maintain metabolic homeostasis, immune balance, and mitochondrial efficiency 

(Ghosh et al. 2022a). 

Endogenous metabolites have emerged as naturally occurring modulators of longevity pathways (Tomar 

and Erber 2023). Several microbial metabolites exhibit geroprotective effects by activating AMPK, 

enhancing autophagy, attenuating mTOR, and the regulation of NAD⁺ metabolism (Fang et al. 2023). 

Cross-species studies demonstrate that microbiome-derived metabolites can extend lifespan in yeast and 

C. elegans while modulating senescence phenotypes in mammalian cells. 

AgeXtend’s reliance on bioactivity-based descriptors enables recognition of metabolite-like behavioral 

signatures, allowing cross-domain predictions from endogenous metabolites to synthetic molecules. This 

positions endogenous metabolites not only as validation benchmarks but also as mechanistically rich 

anchors for expanding the aging-related chemical space. 

2.4 Caloric Restriction Mimetics: Mechanisms, Limitations, and Need for Novel Discovery 

Frameworks 

Caloric restriction (CR) consistently extends lifespan across a wide range of organisms, from yeast to 

primates. CRMs aim to replicate the systemic benefits of CR: autophagy induction, improved 

mitochondrial function, enhanced proteostasis, and metabolic rewiring, without imposing dietary 

constraints (Smith et al. 2010; Mariño et al. 2014; Jafari et al. 2024). Known CRMs such as spermidine, 

resveratrol, metformin, and NAD⁺ boosters activate stress-response pathways, nutrient-sensing arms, and 

cytoprotective mechanisms (“Recent Advances in the Field of Caloric Restriction Mimetics and 

Anti-Aging Molecules” 2021; Trisal and Singh 2024). 

Despite the broad translational appeal of CRMs, their systematic discovery remains constrained by 

several scientific, methodological, and conceptual bottlenecks. These limitations collectively explain why, 

after decades of CR research, only a small set of molecules are recognized as putative CRMs, and even 

these lack universal validation across organisms and physiological states. 

1. Absence of a unified mechanistic definition of CR mimicry 
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CR influences a constellation of interconnected pathways; autophagy, AMPK–mTOR signaling, 

mitochondrial biogenesis, redox balance, stress responses, and metabolic flexibility (“Caloric Restriction 

Mimetics against Age-Associated Disease: Targets, Mechanisms, and Therapeutic Potential” 2019, 

“Perspectives of the Potential Implications of Polyphenols in Influencing the Interrelationship between 

Oxi-Inflammatory Stress, Cellular Senescence and Immunosenescence during Aging” 2020). Because CR 

does not operate via a single hallmark, defining a molecular “CRM signature” has remained elusive. As a 

result, different laboratories operationalize CR mimicry inconsistently (Flanagan et al. 2020). Moreover, 

the molecules classified as CRMs often share only a subset of CR phenotypes, not the full systemic 

profile (“Calorie Restriction Mimetics: Can You Have Your Cake and Eat It, Too?” 2015). This makes the 

benchmarking of new candidates highly subjective. 

2. Limited availability and poor standardization of experimental assays 

CRM validation requires multi-layered evidence: transcriptomic responses, metabolomic rewiring, 

autophagic flux, lifespan extension, and phenotypic rejuvenation across models. Yet, no gold-standard 

assay exists for systematic CRM screening (Madeo et al. 2014). Most studies rely on organism-specific 

assays (yeast CLS, worm lifespan, rodent metabolic markers) that are not directly comparable (Lee and 

Min 2013). Context-dependent variability (diet composition, fasting length, microbiome status) 

complicates assay reproducibility (Hofer et al. 2021; Ingram et al. 2006). This inconsistency prevents the 

creation of a harmonized training dataset needed for computational discovery (Ingram et al. 2004). 

3. High biological pleiotropy and context dependence 

CR triggers tissue- and context-specific adaptations, such as hepatocytes exhibiting metabolic rewiring 

and increased fatty acid oxidation; neurons emphasizing proteostasis and stress resilience, and muscle 

prioritizing mitochondrial efficiency (“Caloric Restriction Mimetics against Age-Associated Disease: 

Targets, Mechanisms, and Therapeutic Potential” 2019). Thus, a molecule may mimic CR in one tissue 

but fail in another, resulting in false positives or false negatives depending on the assay choice. Moreover, 

age, sex, feeding schedule, circadian phase, and microbiome state profoundly shape CR responses (Trisal 

and Singh 2024; Mariño et al. 2014). CRMs often exhibit conditional phenotypes, complicating 

generalizability across species. 

4. Narrow chemical diversity and structural redundancy of known CRMs 

Most known CRMs cluster into a few chemotypes: polyamines (spermidine, spermine analogs), phenolic 

stilbenoids, biguanides, and NAD⁺ precursors (Madeo et al. 2014). This limited chemical landscape has 
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two consequences: discovery efforts repeatedly rediscover close analogs rather than structurally novel 

compounds, and machine-learning models trained on known CRMs inadvertently learn chemical 

similarity rather than biological mimicry, decreasing the likelihood of finding new scaffolds. Therefore, a 

framework that penalizes chemical redundancy is critical. 

5. Mechanistic ambiguity and multiplicity of targets 

CRMs rarely act through a single target; instead, they modulate broad physiological networks. For 

example, spermidine induces autophagy while affecting histone acetylation and mitochondrial translation; 

metformin modulates AMPK, mitochondrial complex I, redox state, and gut microbiota; resveratrol 

engages sirtuins but also alters inflammatory signaling and ROS metabolism (Madeo et al. 2014; Singh 

2025). This mechanistic multiplicity complicates the causal inference, cross-species extrapolation, and 

predictive modeling, since high-dimensional biological descriptors dilute signals with off-target noise. 

6. Sparse, noisy, and fragmented biological datasets 

CRM-relevant signatures (transcriptomes, proteomes, metabolomes, phenotypes) are generated under 

heterogeneous laboratory conditions and are therefore highly batch-sensitive, often lacking matched 

controls, and are distributed across independent studies with differing endpoints (Bibyk et al. 2021; 

Lushchak and Gospodaryov 2017). This fragmentation limits the construction of harmonized similarity 

models and complicates efforts to infer conserved CR-like biological patterns. 

7. Lack of frameworks integrating biological and chemical domains 

Most discovery pipelines operate within a single domain; chemoinformatics-only screens tend to bias 

toward structural similarity, while transcriptomics-only screens capture biological relevance but struggle 

to resolve novelty or drug-likeness. This necessitates the development of a framework that allows 

mechanistic-driven entanglement with known chemistry. 

8. Limited emphasis on mechanistic interpretability 

Current CRM screens focus on phenotypic endpoints (e.g., lifespan extension) without elucidating the 

pathway-level mechanisms (Eggert 2013). Without mechanistic fingerprints, potential candidates are hard 

to prioritize for translation, while their off-target effects remain unexplored. Clinically relevant CR axes 

(autophagy, mitochondrial hormesis, NAD⁺ metabolism, proteostasis) cannot be systematically mapped. 

9. Absence of quantitative scoring systems for “degree of CR mimicry” 
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CRM classification is currently binary, either CRM or not, rather than graded; however, biological 

mimicry exists along a continuum (Campisi et al. 2019). Without a quantitative metric, mild mimetics 

may be overlooked, and false positives may inflate the literature, further complicating the 

cross-compound comparison. 

These barriers necessitate a mechanism-informed, statistically principled framework that captures 

biological similarity independent of chemical structure, exactly what AgeXtend::Mimetics operationalizes 

through dual cosine similarity, ridge regression residuals, pathway-level SupCon embeddings, and 

CMI-driven mechanistic clarity. 

2.5 Positioning AgeXtend & AgeXtend::Mimetics in the Global Landscape 

Most existing computational strategies for aging interventions either rely on structural similarity, which 

biases discovery toward chemical analogs, or use prediction-only methods that provide limited 

mechanistic insight. A small fraction incorporates transcriptomic signatures, but few combine chemical, 

biological, mechanistic, and statistical reasoning in a unified AI system. 

AgeXtend advances the field by integrating predictive modeling, interpretability (hallmark-level 

explanations), toxicity and target inference, and multi-species validation. Its bioactivity-centric design 

enables mechanistically grounded predictions that extend beyond structural novelty. 

AgeXtend::Mimetics represents a significant conceptual leap by operationalizing the principle of 

biological convergence with chemical divergence. Through dual-similarity modeling, residual-based 

ranking, pathway fingerprinting via supervised contrastive learning, and CMI-guided mechanistic 

evaluation, it provides the first scalable, biologically informed, and structure-independent approach for 

CRM discovery. 

Together, these frameworks reorient AI-driven aging research toward mechanistic transparency, statistical 

rigor, and translational robustness; addressing longstanding barriers in gerotherapeutic discovery and 

establishing a new blueprint for the field. 
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Chapter 3 – Objective 1: Discovering geroprotectors through the explainable 

artificial intelligence-based platform AgeXtend 

3.1 Introduction and Rationale 

The discovery of geroprotective molecules requires computational frameworks that can integrate chemical 

structure, biological activity, mechanistic pathway information, and experimental validation. Traditional 

drug-discovery pipelines fall short in this domain because they assume monogenic disease mechanisms 

and rely heavily on linear or reductionist models. However, aging is a fundamentally pleiotropic process 

driven by the dysregulation of multiple interconnected hallmarks, each influenced by complex metabolic, 

genetic, and signaling networks (Vega Magdaleno and de Magalhaes 2024). This necessitates discovery 

systems capable of modeling multidimensional biological interactions. 

While artificial intelligence has transformed traditional drug discovery, most AI systems remain 

black-box predictors optimized for high accuracy without mechanistic transparency (Ferreira and 

Carneiro 2025). Such models frequently provide strong numerical predictions but lack interpretability, 

making them poorly suited for biology-centric applications where understanding why a prediction is made 

is as important as the prediction itself (ŞAHiN et al. 2024). Biological systems demand mechanistic 

reasoning, particularly in geroscience, where pathway interactions, pleiotropy, and cross-species 

conservation determine translational success (“Artificial Intelligence for Aging and Longevity Research: 

Recent Advances and Perspectives” 2019). Consequently, black-box AI models risk generating 

predictions that are uninterpretable, non-actionable, or biologically irrelevant. 

AgeXtend bridges this critical gap by providing a mechanism-informed, explainable AI framework that is 

explicitly designed for aging biology. It integrates bioactivity-derived descriptors with classical 

machine-learning models, enabling both high predictive performance and biological interpretability. The 

framework includes hallmark-level mechanistic mapping, SHAP-based feature attribution, toxicity 

profiling, and target inference modules, allowing users to connect predictions with aging pathways and 

translational outcomes. This explainability is essential for prioritizing candidates for downstream 

experimental testing and ensuring biological plausibility across species. 

AgeXtend, therefore, represents a hybrid computational–biological framework that not only predicts 

geroprotectors but also contextualizes them within the mechanistic framework of aging biology. This 

chapter presents the dataset construction, feature engineering, model development, interpretability 

modules, and experimental validation that together constitute the AgeXtend framework. 
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3.2 Methods 

3.2.1 Data Curation and Preprocessing 

The AgeXtend framework relies on carefully curated, high-confidence datasets covering geroprotective 

activity, hallmark-level biological processes, and toxicity endpoints (Figure 3.1a,b; Extended Data 

Figure 1a). Data compilation was performed manually using authenticated literature and database 

resources, with extensive cross-verification across independent sources. Strict filtering criteria were 

applied to ensure mechanistic reliability and reduce noise during model development. 

3.2.1 (1) Geroprotective Prediction Dataset 

To build the primary geroprotective prediction module, we compiled a binary classification dataset 

representing compounds with experimentally validated lifespan-modulating effects. The ground-truth 

dataset consists of 972 unique compounds, including 583 geroprotectors (class 1) and 389 neutral 

compounds (class 0) (Table 3.1; Figure 3.1b). Geroprotectors (GPs) were curated from: DrugAge (build 

4; 20 November 2021 release (Barardo et al. 2017)) and Geroprotective Compounds Database (Barardo et 

al. 2017; Moskalev et al. 2017) (Extended Data Figure 1a). Both resources enforce stringent inclusion 

criteria based on reproducibility, assay quality, and organismal evidence. Neutral compounds (N-class) 

were obtained from peer-reviewed experimental studies reporting no significant effects on lifespan or 

aging-related phenotypes (Ye et al. 2014; Kornfeld and Evason 2006; Hunt et al. 2011; Evason et al. 

2005). 

Data curation included removal of: inorganic compounds, salts, solvent components, and metal 

complexes, duplicates (SMILES-level filtering), and conflicting entries across studies. 

To enable robust model evaluation, an independent validation set was assembled by screening ~60 recent 

publications. This external dataset comprises 74 additional GPs and 10 neutral compounds, serving as a 

stringent held-out benchmark for assessing generalization. 

3.2.1 (2) Hallmark-Level Explainability Datasets 

To enable mechanistic inference, we compiled nine hallmark-specific datasets, each consisting of two 

classes representing positive and negative modulators of a specific biological process (Table 3.1; Figure 

3.2a; Extended Data Figure 1a). These datasets correspond to well-characterized pro-aging or anti-aging 

pathways, including: Genomic instability (GI), Telomere attrition (TA), Epigenetic alterations (EA), Loss 
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of proteostasis (LP), Deregulated nutrient sensing (DNS), Mitochondrial dysfunction (MD), Cellular 

senescence (CS), Stem cell exhaustion (SCE), and Altered intercellular communication (AIC). 

Class 1 compounds exhibit experimentally validated inhibitory, suppressive, or compensatory actions on 

the above processes; for example, sirtuin activators (EA, AIC), NF-κB inhibitors (AIC), 

farnesyltransferase inhibitors (GI), and stem-cell proliferators (SCE) (Figure 3.2e). Class 0 compounds 

either lack activity or exhibit pro-aging effects within the associated pathway. Conflicts or discrepancies 

within or between datasets were systematically eliminated. 

This hallmark-level curation enables AgeXtend to learn mechanistic patterns directly aligned with aging 

biology rather than relying solely on bioactivity features for geroprotection prediction. 

3.2.1 (3) Toxicity Module Datasets 

Long-term safety is essential for geroprotective interventions. To model toxicity and ADMET properties, 

we constructed 15 dataset modules sourced from vNN-ADMET, spanning key pharmacokinetic and 

toxicological endpoints: AMES mutagenicity, Mitochondrial membrane potential (MMP) disruption, 

CYP450 inhibition: CYP1A2, CYP2C19, CYP2C9, CYP2D6, CYP3A4, Hepatotoxicity, HLM stability, 

hERG channel blockade, Drug-induced liver injury (DILI), Blood–brain barrier permeability (BBB), 

P-glycoprotein inhibitors/substrates, and Maximum Recommended Therapeutic Dose (MRTD; regression) 

(Schyman et al. 2017) (Table 3.1; Figure 3.2g; Extended Data Figure 1a). 

All classification datasets were binarized into positive (active) and negative (inactive) classes, whereas 

MRTD was treated as a continuous regression task. These modules allow AgeXtend to perform 

early-stage safety filtering and prioritization of low-toxicity geroprotective candidates. 

3.2.1 (4) Functional Group Analysis 

To gain structural insights across all datasets, we conducted a functional group analysis using the 

ChemmineR library (v.3.46.0). Compounds were converted to SDFset format, and functional group 

counts were extracted to produce a scaled matrix representing the chemical space across all models. 

Heatmaps generated from this analysis highlight functional group enrichment patterns and structural 

motifs characteristic of positive vs. negative biological classes. 

This analysis informed interpretability and ensured that model predictions were not driven by trivial 

chemical motifs or dataset biases. 
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Table 3.1 Counts of all the Datasets 

Geroprediction Module Dataset    

Property Count   

Geroprotectors 583   

Neutral 389   
    
Explainability Module Datasets    

Property Count : 1 Count : 0 Total 
Altered Intercellular Communication 452 328 780 

Cellular Senescence 1292 1257 2549 

Deregulated Nutrient Sensing 328 42971 43299 

Epigenetic Alteration 422 41372 41794 

Genomic Instability 400 5745 6145 

Loss of Proteostasis 2184 986 3170 

Mitochondrial Dysfunction 871 172 1043 

Stem Cell Exhaustion 669 969 1638 

Telomere Attrition 209 136 345 
    
Toxicity Module Datasets    

Property Count : 1 Count : 0 Total 
AMES 3502 3008 6510 

MMP 1044 5094 6138 

CYP1A2 1332 6160 7492 

CYP2C19 1516 6567 8083 

CYP2C9 938 7060 7998 

CYP2D6 1246 6491 7737 

CYP3A4 2393 7776 10169 

Hepatotoxicity 1968 4113 6081 

HLM 1162 2043 3205 

hERG 277 385 662 

DILI 768 628 1396 

BBB 197 156 353 

PGP-Inh 1343 961 2304 

PGP-Subs 421 399 820 

MRTD   1184 
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3.2.2 Feature Engineering 

Accurate prediction requires robust molecular representations that capture both chemical and biological 

properties. We implemented a multi-tier descriptor extraction strategy across all datasets. 

3.2.2 (1) SMILES Standardization 

All compounds were represented as Canonical SMILES, generated using OpenBabel (v.3.0.0). 

Dataset-wide filtering eliminated redundancy and inconsistencies arising from: stereoisomerism, salt 

forms, protonation inconsistencies, and tautomeric variations. Ensuring one canonical representation per 

compound was essential for downstream feature extraction and cross-dataset compatibility. 

3.2.2 (2) Descriptor Extraction 

We benchmarked several descriptor families for the Geroprediction model: 

A. Chemistry-Based Descriptors 

●​ Mordred descriptors (v.1.2.0): 1600+ chemophysical, topological, and 2D structural 

metrics(Moriwaki et al. 2018). 

●​ ECFP fingerprints (1024–2048 bits): circular substructure-based hashing of molecular 

fragments(Axen et al. 2017). 

These descriptors have historically been used in QSAR modeling but often fail to capture biological 

context relevant to geroprotective activity. 

B. Graph-Based Descriptors 

●​ ConvMol (DeepChem v.2.6.2): message-passing graph neural network embeddings encoding 

local and global structural patterns(GitHub, n.d.). 

These descriptors provide structural expressiveness but are insufficient to model biological pleiotropy. 

C. Bioactivity-Based Descriptors 

●​ Signaturizer (v.1.1.11): embeddings derived from large-scale perturbational biology datasets, 

capturing transcriptional and functional similarities between molecules(Bertoni et al. 2021). 

3.2.2 (3) Descriptor Performance and Selection 
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A systematic benchmarking pipeline was conducted to assess descriptor performance across GP 

prediction. Bioactivity-based descriptors (Signaturizer) consistently outperformed all structural and 

graph-based descriptors in terms of accuracy, F1-score, ROC-AUC, and cross-validation robustness. 

Signaturizer embeddings also improved hallmark interpretability because they encode biological signals 

rather than solely structural or physicochemical information. Consequently, Signaturizer was selected as 

the primary descriptor space for all downstream AgeXtend models. 

3.2.2 (4) Handling Missing Values 

Missing descriptor values were imputed using feature-wise mean substitution, performed after dataset 

standardization. This ensured consistent input dimensionality across all datasets and prevented 

downstream learning biases. 

3.2.3 Geroprediction Model Development and Training Pipeline 

The AgeXtend framework required building multiple predictive models spanning geroprotective activity, 

hallmark-level biological processes, toxicity endpoints, and target inference. To ensure performance 

consistency and methodological rigor across all modules, we implemented a standardized model 

generation pipeline comprising (i) data balancing, (ii) classifier benchmarking, (iii) hyperparameter 

optimization, (iv) feature selection, and (v) cross-validation stability checks. 

3.2.3 (1) Class Balancing and Preprocessing 

Several datasets within AgeXtend exhibited class imbalance, particularly in hallmark-specific and 

toxicity-related bioactivity profiles. To mitigate performance distortions arising from skewed class 

distributions, we employ the Synthetic Minority Oversampling Technique (SMOTE) (Blagus and Lusa 

2013). SMOTE was chosen for its ability to synthesize plausible minority-class feature vectors while 

preserving the underlying data manifold. Oversampling was performed with a proportion of 0.8 for 

optimal balance between synthetic diversity and overfitteding avoidance. 

3.2.3 (2) Classifier Benchmarking and Selection 

A broad panel of classical and nonlinear machine-learning classifiers was systematically evaluated for 

each dataset: Logistic Regression (LR), Support Vector Machines (SVMs), Random Forest (RF), Extra 

Trees (ET), Gradient Boosting Classifier (GBC), Gaussian Naive Bayes (GNB), k-Nearest Neighbors 

(kNN), Stochastic Gradient Descent (SGD), XGBoost (XGB), and Multi-layer Perceptron (MLP). 
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For each model, performance was assessed using fivefold cross-validation, with accuracy, ROC–AUC, 

Matthews correlation coefficient (MCC), F1 score, precision, recall, and Cohen’s κ serving as evaluation 

metrics. The classifier achieving the highest performance across folds was chosen as the base learner for 

that specific dataset. 

3.2.3 (3) Hyperparameter Optimization and Feature Selection 

To refine model performance, we conducted randomized grid-search hyperparameter optimization, 

exploring a diverse parameter space for each classifier. The best hyperparameter configuration was 

subsequently evaluated for stability via tenfold cross-validation, ensuring that performance gains were not 

artifacts of particular training splits. 

Feature selection was integrated into the optimization workflow using the Boruta algorithm(Kursa and 

Rudnicki 2010), which identifies all relevant features contributing to prediction by comparing feature 

importance against randomized shadow features. Boruta enabled extraction of the most informative 

molecular descriptors, reducing dimensionality while improving both interpretability and predictive 

robustness. 

3.2.3 (4) Final Model Training, Evaluation, and Cut-off Determination 

Once the optimal classifier, hyperparameters, and feature subset were determined, the final model was 

trained using the complete dataset. Leave-one-out cross-validation (LOOCV) was additionally performed 

for the Geroprediction model to quantify model sensitivity to individual data points. 

For the geroprotective prediction module, we computed a stringent decision threshold for predicted 

probabilities. This cut-off was determined by evaluating false-positive rates across thresholds from 0.50 to 

0.99 in each fold of the tenfold cross-validation. The optimal cut-off was defined as the mean threshold 

achieving zero false positives across all folds, ensuring high-confidence predictions for downstream 

analyses. 

3.2.3 (5) Descriptor Benchmarking for Geroprediction Module 

To benchmark descriptor families for the Geroprediction module, we trained models using: Mordred 

descriptors, ECFP fingerprints (1024 and 2048 bits), Graph-based descriptors (ConvMol, PMG, 

MolGraphConv), and Bioactivity-based descriptors (Signaturizer). Identical train–test splits were used to 

eliminate sampling bias. No feature selection was applied during descriptor benchmarking to ensure fair 

comparison. 
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Visual inspection using t-SNE projections (n_components=2, perplexity=30) revealed that bioactivity 

descriptors produced the clearest separation between experimentally annotated GPs and N compounds. 

Consistently, Signaturizer outperformed all other descriptor families across every metric, validating its 

selection as the primary representation for all of AgeXtend’s modules (Table 3.2). 

Table 3.2 Model parameters for Geroprediction and Explainability Modules 

Module Property ML Model Class 
Balancing 

Model Parameters 

Geroprediction Geroprediction 
Support Vector 
Machine 

Up : 0.8 
C=1.5, gamma=2.5, 
probability=True 

Explainability 
Altered 
Intercellular 
Communication 

Support Vector 
Machine 

Up : 0.5 C=2, gamma=1, probability=True 

Explainability 
Cellular 
Senescence 

Support Vector 
Machine 

Up : 0.5 
C=1.5, gamma=2.5, 
probability=True 

Explainability 
Deregulated 
Nutrient Sensing 

Support Vector 
Machine 

Down C=1.5, gamma=1, probability=True 

Explainability 
Epigenetic 
Alteration 

Support Vector 
Machine 

Up : 0.5 
C=1.5, gamma=2.5, 
probability=True 

Explainability 
Genomic 
Instability 

Random Forest Up : 0.8 
bootstrap=False, max_depth=64, 
min_samples_split=4, 
n_estimators=108 

Explainability 
Loss of 
Proteostasis 

Support Vector 
Machine 

Up : 0.8 C=2, gamma=2.5, probability=True 

Explainability 
Mitochondrial 
Dysfunction 

XGBoost Up : 0.8 

base_score=0.5, booster='gbtree', 
colsample_bylevel=1,colsample_byn
ode=1, 
colsample_bytree=0.8,enable_catego
rical=False, gamma=0.1, 
gpu_id=-1,importance_type=None, 
interaction_constraints='',learning_ra
te=0.2, max_delta_step=0, 
max_depth=6,min_child_weight=2, 
missing=nan, 
monotone_constraints='()',n_estimat
ors=97, n_jobs=20, 
num_parallel_tree=1, 
predictor='auto',random_state=0, 
reg_alpha=0, reg_lambda=1, 
scale_pos_weight=1,subsample=0.5, 
tree_method='exact', 
validate_parameters=1,verbosity=No
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ne 

Explainability 
Stem Cell 
Exhaustion 

Extra Tree 
Classifier 

Up : 0.8 n_estimators=5000 

Explainability Telomere Attrition 
Extra Tree 
Classifier 

Up : 0.5 n_estimators=500 

3.2.4 Explainability, Toxicity, and Target Inference Modules 

Beyond accurate prediction, AgeXtend was explicitly designed to provide mechanistic transparency and 

translational relevance. The explainability module, toxicity module, and target inference module form the 

interpretive backbone of the framework. 

3.2.4 (1) Explainability Module: Hallmark-Level Mechanistic Models 

For each of the nine hallmark-associated biological processes, we constructed independent binary 

classifiers following the same model-building pipeline described before. The best classifier per hallmark 

was selected via fivefold cross-validation, refined through hyperparameter tuning and Boruta-driven 

feature selection, and finalized using tenfold stability checks. These hallmark models capture mechanistic 

signatures of: genomic instability (GI), telomere attrition (TA), epigenetic alterations (EA), loss of 

proteostasis (LP), deregulated nutrient sensing (DNS),  mitochondrial dysfunction (MD), cellular 

senescence (CS), stem-cell exhaustion (SCE), and altered intercellular communication (AIC). 

To deepen mechanistic interpretation, we implemented Tanimoto similarity–based structural association 

searches in the Sub-explainability module. This allowed AgeXtend to highlight structural analogs within 

hallmark datasets such as: sirtuin activators (EA, AIC), farnesyltransferase inhibitors (GI), NF-κB 

inhibitors (AIC), stem cell proliferators (SCE), senescence inducers (CS), and telomerase 

damage–signaling pathway inhibitors. 

These associations provide biological plausibility and contextual grounding for predicted hits. 

3.2.4 (2) Toxicity Module: ADMET Prediction Across 15 Endpoints 

To support translational viability, the toxicity module mirrors the explainability pipeline but uses 15 

curated ADMET datasets from vNN-ADMET, including: AMES mutagenicity, Mitochondrial membrane 

potential disruption, CYP450 isoform inhibition, Hepatotoxicity and DILI, hERG channel blockade, BBB 

permeability, P-glycoprotein efflux (inhibitor/substrate models), and MRTD regression. Each toxicity 

model was independently trained using SMOTE balancing, grid-search optimization, Boruta feature 

selection, tenfold stability checks, and full-data training (Table 3.3). 
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These models enable AgeXtend to filter predicting compounds by long-term safety profiles, a crucial 

requirement for geroprotective development. 

Table 3.3 Model parameters for Toxicity Module 

Property ML Model Class 
Balancing 

Parameters 

AMES Multilayer 
Perceptron Up = 0.5 alpha=0.005 

BBB Multilayer 
Perceptron Up = 0.5 alpha=0.01, hidden_layer_sizes=(50,100,50) 

CYP1A2 Multilayer 
Perceptron Up = 0.8 alpha=0.05, learning_rate='adaptive' 

CYP2C19 Support Vector 
Machine Up = 0.5 C=1.5, gamma=1.0, probability=True 

CYP2C9 XGBoost Up = 0.5 

base_score=0.5, booster='gbtree', colsample_bylevel=1, 
colsample_bynode=1, colsample_bytree=0.8, enable_categorical=False, 
gamma=1, gpu_id=-1, importance_type=None, interaction_constraints='', 
learning_rate=0.05, max_delta_step=0, max_depth=6, 
min_child_weight=2, missing=nan, monotone_constraints='()', 
n_estimators=215, n_jobs=20, num_parallel_tree=1, predictor='auto', 
random_state=0, reg_alpha=0, reg_lambda=1, scale_pos_weight=1, 
subsample=1, tree_method='exact', validate_parameters=1, 
verbosity=None 

CYP2D6 Support Vector 
Machine Up = 0.5 C=0.8, gamma=1.2, probability=True 

CYP3A4 Support Vector 
Machine Up = 0.5 C=1.5, gamma=1.0, probability=True 

DILI Support Vector 
Machine Up = 0.5 C=1.5, probability=True 

Hepatotoxi
city 

Support Vector 
Machine Up = 0.5 C=1.5, gamma=1.5, probability=True 

HLM XGBoost Up = 0.5 

base_score=0.5, booster='gbtree', colsample_bylevel=1, 
colsample_bynode=1, colsample_bytree=1.0, enable_categorical=False, 
gamma=2, gpu_id=-1, importance_type=None, interaction_constraints='', 
learning_rate=0.3, max_delta_step=0, max_depth=8, 
min_child_weight=5, missing=nan, monotone_constraints='()', 
n_estimators=153, n_jobs=20, num_parallel_tree=1, predictor='auto', 
random_state=0, reg_alpha=0, reg_lambda=1, scale_pos_weight=1, 
subsample=0.8, tree_method='exact', validate_parameters=1, 
verbosity=None 

hERG Support Vector 
Machine Up = 0.5 C=1.5, gamma=1.0, probability=True 

MMP XGBoost Up = 0.5 

base_score=0.5, booster='gbtree', colsample_bylevel=1, 
colsample_bynode=1, colsample_bytree=1.0, enable_categorical=False, 
gamma=1.5, gpu_id=-1, importance_type=None, 
interaction_constraints='', learning_rate=0.05, max_delta_step=0, 
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max_depth=6, min_child_weight=2, monotone_constraints='()', 
n_estimators=146, n_jobs=20, num_parallel_tree=1, predictor='auto', 
random_state=0, reg_alpha=0, reg_lambda=1, scale_pos_weight=1, 
subsample=0.6, tree_method='exact', validate_parameters=1, 
verbosity=None 

MRTD Decision Tree 
Regressor  

max_depth=3, min_samples_leaf=7, min_weight_fraction_leaf=0.1, 
max_leaf_nodes=40 

PGP-Inh Random Forest Up = 0.5 bootstrap=False, max_depth=50, max_features='sqrt', n_estimators=208 

PGP-Subs Support Vector 
Machine Up = 0.5 gamma=1.5, probability=True 

3.2.4 (3) Target Identification Module 

To predict potential protein targets for AgeXtend hits, we developed a ligand-based target inference 

pipeline using the BindingDB (v.2022) database (Liu et al. 2007), which contains over 2.4 million 

experimentally validated ligand–target interactions. 

Key design principles: 

●​ Tanimoto similarity–based screening across compound structures 

●​ Searches restricted to Homo sapiens, Mus musculus, Rattus norvegicus, and Saccharomyces 

cerevisiae, representing ~61% of BindingDB ligand–target pairs 

●​ Each query compound returns the top three ligand–protein pairs with maximal structural 

similarity 

This approach is grounded in the principles of ligand-based drug design, assuming that structurally similar 

compounds share similar binding profiles. The resulting target predictions are subsequently integrated 

with hallmark-level insights to generate biologically informed hypotheses about the mechanisms of 

AgeXtend-predicted geroprotectors. 

3.2.5 Large-Scale In Silico Screening for Geroprotectors 

A major goal of AgeXtend was to deploy the trained models in the form of a Python package 

(https://pypi.org/project/AgeXtend/) for large-scale exploration of chemical and metabolite space to 

identify novel geroprotective candidates. To this end, we applied the geroprediction and auxiliary modules 

to a diverse collection of publicly available and specialized compound libraries covering both synthetic 

and naturally occurring molecules. 

In total, 20 independent databases were screened, collectively comprising approximately 1.14 billion 

compounds. These included natural product repositories, approved and investigational drug libraries, 
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food- and microbiome-derived metabolites, and ultra-large enumerated chemical spaces. Representative 

sources include AfroDb(Ntie-Kang et al. 2013), ChEMBL31 (https://www.ebi.ac.uk/chembl), 

ChemBridge (https://chembridge.com), ChemDiv BBlocks (https://www.chemdiv.com/), CMNPD 

(https://www.cmnpd.org), DSSTox (https://comptox.epa.gov/dashboard/), Dr. Duke’s phytochemical 

database (https://phytochem.nal.usda.gov/), E. coli metabolome (https://ecmdb.ca/), FooDB 

(http://www.foodb.ca/), GDB13 (https://gdb.unibe.ch/), human gut metabolite resources (gutMGene) 

(Cheng et al. 2022), HMDB (https://hmdb.ca/), IMPPAT (https://cb.imsc.res.in/imppat), MetaboAge 

(https://www.metaboage.info/), MolData (https://github.com/LumosBio/MolData), PubChem 

(https://pubchem.ncbi.nlm.nih.gov/), the Drug Repurposing Hub 

(https://repo-hub.broadinstitute.org/repurposing), YMDB (https://www.ymdb.ca/), and ZINC 

(https://zinc12.docking.org/). 

Because multiple databases partially overlap in content, redundancy was removed at the SMILES level 

when aggregating hits. The AgeXtend workflow, consisting of geroprediction, hallmark-level 

interpretability, toxicity filtering, and target inference, was used as a screening protocol. Compounds 

surpassing a stringent geroprotective probability cut-off and passing toxicity filters were prioritized as 

high-confidence candidates for follow-up mechanistic analysis and experimental testing. 

3.2.6 Systems-level applications: aging metabolomes & microbiome 

Beyond single-compound screening, we used AgeXtend to interrogate systems-level signatures of aging 

and geroprotection across metabolomic and microbiome datasets. 

3.2.6 (1) Crosstalk Among Aging-Associated Biological Processes 

To probe interactions among the nine hallmark-level biological processes encoded in the explainability 

module, we quantified how each hallmark contributed to classification performance in the GP vs. neutral 

task. Specifically, we computed Friedman’s H-statistic to estimate the degree of interaction between pairs 

of features (i.e., hallmark models) in the geroprediction setting. This allowed us to assess how strongly 

different hallmarks interact in shaping the final prediction, rather than acting as independent contributors. 

In parallel, SHAP values were used to examine the marginal contribution of each hallmark score and 

feature to the predicted class for individual compounds. Combining Friedman’s H-statistic and SHAP 

analysis enabled us to map both global interactions among hallmarks and local, molecule-specific 

mechanistic attributions, thereby uncovering crosstalk between aging pathways at the prediction level. 
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3.2.6 (2) Aging Metabolomes from Aging Atlas 

To investigate how AgeXtend interprets aging-associated metabolomic changes, we applied the 

framework to metabolite profiles curated in the Aging Atlas database (Aging Atlas Consortium et al. 

2020) (https://ngdc.cncb.ac.cn/aging). This resource aggregates metabolites reported as enriched or 

depleted with age, along with species information, experimental conditions, log2 fold change (young vs. 

old), p-values, and pathway annotations at superpathway and subpathway levels. 

For each metabolite, we computed AgeXtend geroprotective probabilities and hallmark-specific scores. 

Metabolites were further grouped by broad superpathways such as amino acids, lipids, carbohydrates, and 

peptides. To identify enriched metabolic pathways among high-scoring, age-associated metabolites, we 

performed over-representation analysis using MetaboAnalyst (https://www.metaboanalyst.ca). This 

analysis highlighted metabolic subsystems that are disproportionately represented among metabolites 

predicted to exhibit geroprotective potential, providing an independent systems-level validation of 

AgeXtend’s biological relevance. 

3.2.6 (3) Microbiome Meta-analysis with Age 

We next used AgeXtend to explore the relationship between gut microbiome composition, metabolite 

production potential, and predicted geroprotective activity. 

Step 1: Taxa–Age Associations 

We leveraged previously published meta-analytic work assembling >5,300 gut microbiome profiles from 

13 cohorts, each with at least 50 individuals aged ≥60 years (Ghosh et al. 2022b, 2020). Using a 

random-effects meta-analysis framework and dataset-specific Kendall’s τ coefficients, age–abundance 

associations were computed for 107 microbial species present in at least 5% of samples in ≥60% of 

studies. For each species, a meta-analytic effect size (β) was estimated: 

●​ Age-positive species (β > 0): taxa enriched with increasing age. 

●​ Age-negative species (β < 0): taxa depleted with age. 

Step 2: Species-Level Geroprediction Scores via Metabolites 

Using an experimentally validated species–metabolite production matrix (990 species × ~100 

metabolites), we computed species-specific geroprediction scores. For each metabolite, AgeXtend 

provided geroprotective and hallmark-level prediction scores. For a given species, we calculated: 

54 

https://paperpile.com/c/kC2Otl/wCE7M
https://paperpile.com/c/kC2Otl/wCE7M
https://ngdc.cncb.ac.cn/aging
https://www.metaboanalyst.ca
https://paperpile.com/c/kC2Otl/wMhlg+iuSN7


●​ mean geroprediction score across all metabolites it is known to produce 

●​ mean hallmark-specific scores across the same metabolite set 

This mapping allowed us to infer how “geroprotective” a species appears in terms of its predicted 

metabolite output. 

Step 3: Comparing Age-Positive vs Age-Negative Species 

We compared mean geroprediction and hallmark scores between age-positive and age-negative species 

using the Mann–Whitney U-test. Additionally, we identified specific metabolites with high geroprediction 

scores (above a stringent threshold) produced by age-negative taxa, highlighting potential metabolites that 

may contribute to healthy aging but are lost with age. This integrative analysis links microbiome shifts, 

metabolite production capacity, and computationally inferred geroprotective potential. 

3.2.6 (4) Microbiome Meta-analysis Using Frailty Index 

To complement age-based analyses, we also examined microbiome signatures associated with frailty, 

using previously derived associations between microbial species and a Frailty Index Measure (FIM) from 

the ELDERMET cohort (http://eldermet.ucc.ie/) (Ghosh et al. 2020). 

Species were classified as: 

●​ FIM-positive: negatively associated with frailty (more abundant in robust individuals). 

●​ FIM-negative: positively associated with frailty (enriched in frailer individuals). 

For each species, we reused the metabolite-based framework described above to assign mean 

geroprediction and hallmark scores. We then: correlated FIM association coefficients with species-level 

mean geroprediction scores using Spearman’s correlation, and compared geroprediction scores between 

FIM-positive and FIM-negative species using Mann–Whitney U-tests. 

Together, these frailty-focused analyses provide evidence that AgeXtend-derived scores align with 

microbiome signatures of resilience and healthspan, reinforcing the biological relevance of the 

framework. 
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3.2.7 Experimental Validation of AgeXtend-Predicted Candidates 

To functionally validate AgeXtend predictions and assess cross-species translational relevance, we 

conducted experimental assays in yeast, human fibroblasts, and C. elegans, focusing on metabolites and 

compounds prioritized by the geroprediction and mechanistic modules. 

3.2.7 (1) Yeast Strains and Culture Conditions 

All yeast experiments were conducted using the BY4741 strain of Saccharomyces cerevisiae (MATa 

his3Δ1 leu2Δ0 met15Δ0 ura3Δ0). Routine propagation was performed at 30 °C in YPD medium (1% 

yeast extract, 2% peptone, 2% dextrose) with shaking. Where required, 1.5% agar was added to prepare 

solid plates. 

3.2.7 (2) Chronological Lifespan (CLS) Assay 

Yeast chronological lifespan assays were performed to quantify survival in the stationary phase in 

response to candidate metabolites. Primary and secondary cultures were grown sequentially in YPD, 

followed by dilution into synthetic complete (SC) medium in deep-well plates. After 18 h of growth, 

cultures were treated with test metabolites at defined concentrations. 

Cells were maintained for up to 25 days, and survival was tracked by propidium iodide (PI) staining at 

multiple time points (days 1, 3, 5, 10, 15, 20, 25). Fluorescence measurements were normalized using 

OD₆₀₀ and appropriate controls (unstained, heat-killed). After transformation of fluorescence into 

percentage death and subsequent conversion into percentage survival, survival curves were normalized to 

day 1 and smoothed using adjacent averaging. The area under the curve (AUC) was calculated to 

summarize lifespan differences between conditions. 

3.2.7 (3) Yeast Outgrowth Assay 

To examine whether candidate metabolites affected proliferative capacity, we performed outgrowth assays 

in SC medium supplemented with metabolites. Growth kinetics were recorded for ~16.5 h at 30 °C with 

continuous shaking, with OD₆₀₀ readings every 30 min. Normalized growth curves allowed us to 

distinguish compounds that specifically extend chronological lifespan from those that simply impair 

growth. 

3.2.7 (4) Human Fibroblast Senescence Assays 
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To assess anti-senescence effects in a mammalian system, we used normal human dermal fibroblasts 

(NHDF) cultured in DMEM with 10% fetal bovine serum. Cells were plated in multiwell plates and 

treated with AgeXtend-predicted metabolites (ZST, DCA, DHAP) alone or in combination with a 

senescence-inducing agent such as camptothecin (CPT). Vehicle controls, untreated controls, and positive 

controls (AZI) were included. 

Senescence was quantified using: 

●​ SA-β-galactosidase staining (X-gal based), with microscopic imaging and ImageJ-based 

quantification of senescent vs non-senescent cells. 

●​ Lipofuscin accumulation assays using Sudan Black B (SBB), with staining followed by imaging 

to quantify lipofuscin-positive cells. 

These assays evaluated whether metabolites predicted by AgeXtend could mitigate or reverse 

chemotherapy-induced senescent phenotypes. 

3.2.7 (5) Fibroblast Toxicity Assessment 

To ensure candidate metabolites were not broadly cytotoxic at the tested concentrations, we conducted 

viability assays in human fibroblasts. Cells were treated as above, and: 

●​ MTT assays were used to assess metabolic activity. 

●​ FDA/PI staining was used to distinguish live vs dead cells and infer pre-apoptotic stress, 

including reactive oxygen species–linked toxicity. 

These experiments ensured that observed anti-senescence or pro-longevity effects were not confounded 

by non-specific cytotoxicity. 

3.2.7 (6) C. elegans Lifespan Assays 

To investigate organismal effects in a multicellular animal, we performed lifespan assays in wild-type N2 

C. elegans. Worms were maintained on nematode growth medium (NGM) with OP50 as a food source, 

under standard conditions. Synchronized populations were generated by timed egg laying. 

At the L4/young adult stage, worms were transferred to plates containing fluorodeoxyuridine (FUdR) to 

prevent progeny and were then exposed to candidate compounds (ANA, AMA, FDR) or vehicle controls. 

Worms were maintained at 20 °C, transferred periodically to fresh plates to maintain food quality, and 
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scored for survival every alternate day. Animals that were lost, burrowed, or otherwise non-evaluable 

were censored. 

Survival curves were analyzed using the Kaplan-Meier estimator, and differences between treated and 

control groups were assessed using log-rank tests. These assays provided an integrated readout of 

healthspan- and lifespan-modulating effects in vivo. 

3.2.8 Statistical analysis and reproducibility 

All statistical analyses were performed using R and Python, supplemented by dedicated packages for 

survival and Bayesian analysis. Depending on the question and data type: 

●​ The Kolmogorov–Smirnov test was used to compare distributions of predicted probabilities. 

●​ The Mann–Whitney U-test was used for non-parametric comparisons of medians (e.g., 

microbiome species groups, metabolite classes). 

●​ Student’s t-tests were applied to normally distributed variables. 

●​ Log-rank tests were used for comparing survival curves (C. elegans lifespan, yeast CLS where 

appropriate). 

●​ A nominal p-value threshold of 0.05 was used, with effect sizes annotated as: NS  (p ≥ 0.05), * (p 

< 0.05), ** (p < 0.01), *** (p < 0.001), and **** (p < 0.0001). 

Outlier removal was performed in specific analyses using quantile-based criteria. Sample sizes were not 

predetermined by formal power calculations but were chosen in line with common practice in the field 

and constrained by experimental feasibility. Experiments were not randomized and investigators were not 

blinded, which is acknowledged as a limitation but was mitigated by replication and consistent protocols. 

Data collection and analysis pipelines were standardized to minimize bias, with all key experiments 

repeated in at least two independent runs. 

3.3 Results 

3.3.1 AgeXtend: an AI framework for geroprotective predictions 

To develop a versatile and biologically grounded system for identifying geroprotective compounds, we 

designed AgeXtend, a multimodal artificial intelligence framework that integrates prediction, mechanism 

inference, toxicity assessment, and target identification into a unified architecture (Figure 3.1a). 
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AgeXtend is built upon the accumulated biological knowledge underlying the hallmarks and metabolic 

axes of aging . It operates through four independent yet sequentially connected modules: 

●​ a geroprediction module for classifying compounds as geroprotective or neutral, 

●​ an explainability module that provides hallmark-level mechanistic probabilities, 

●​ a toxicity module that evaluates ADMET-related liabilities, and 

●​ a target inference module that proposes potential protein targets based on ligand similarity. 

Together, these modules allow AgeXtend to not only detect candidate geroprotectors but also provide 

mechanistic, toxicological, and target-level context for each prediction, substantially enhancing 

interpretability and translational relevance. 

To train the geroprediction module, we assembled a rigorously curated dataset of compounds with 

experimentally validated lifespan or healthspan outcomes. After extensive cross-verification and 

preprocessing to remove duplicates, conflicting entries, and low-confidence annotations, the final dataset 

comprised 583 unique geroprotectors (GPs) and 389 neutral compounds (N-class) drawn from multiple 

model organisms to minimize species-specific biases (Figure 3.1b). Analysis of their chemical 

composition revealed significant differences in functional group enrichment between the two classes; 

including ethers, esters, ketones, aldehydes, alcohols, and organic phosphates; highlighting chemical 

diversity within the dataset (Figure 3.1d). Pairwise Tanimoto similarity calculations further indicated 

substantial heterogeneity across both GPs and neutral compounds (Figure 3.1c). 

A critical component of model development was the selection of molecular descriptors capable of 

capturing aging-relevant biological signals. To avoid descriptor-induced biases, we systematically 

evaluated a broad panel of feature representations: chemistry-based descriptors (Mordred; ECFP 

fingerprints of 1024 and 2048 bits), graph-based embeddings (ConvMol, PMG, MolGraphConv), and 

bioactivity-based descriptors (Signaturizer) (Extended Data Figure 1b). Binary classification models 

were trained on each descriptor family and benchmarked using fivefold cross-validation. Across all 

performance metrics; including accuracy, ROC–AUC, MCC, precision, and recall; bioactivity-based 

Signaturizer embeddings consistently outperformed structural and graph-based features. Visualization of 

low-dimensional t-SNE projections reinforced this observation, with Signaturizer features yielding clearer 

separation between GPs and neutral compounds (Figure 3.1e). 
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Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

Figure 3.1 Design and performance benchmarking of AgeXtend: an explainable, multi-module AI framework for 

geroprotector discovery 

(a) Conceptual overview of the AgeXtend architecture, composed of four interlinked analytical layers: 

Geroprediction, Mechanistic Explainability, Toxicity Assessment, and Target Identification. The Geroprediction 
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engine is trained on experimentally validated geroprotective (GP) and neutral (N) compounds. The Explainability 

layer models nine canonical aging-associated biological processes: genomic instability (GI), telomere attrition (TA), 

epigenetic alterations (EA), loss of proteostasis (LP), deregulated nutrient sensing (DNS), mitochondrial dysfunction 

(MD), cellular senescence (CS), stem cell exhaustion (SCE), and altered intercellular communication (AIC). The 

Toxicity module integrates 14 classification tasks and one regression task encompassing AMES mutagenicity, 

mitochondrial membrane potential disruption, CYP450 inhibition (CYP1A2, CYP2C19, CYP2C9, CYP2D6, 

CYP3A4), hepatotoxicity, human liver microsomal stability, hERG liability, drug-induced liver injury (DILI), 

blood–brain barrier permeability, P-glycoprotein inhibition and substrate status, and maximum recommended 

therapeutic dose (MRTD). The Target module exploits BindingDB to infer putative protein targets for predicted 

candidates. (b) Distribution of non-redundant GP and N compounds used for model training, shown as a pie chart, 

alongside a functional-group enrichment heatmap highlighting differential chemical motif representation. (c) 

Pairwise Tanimoto similarity matrices for geroprotective (left) and neutral (right) compounds. (d) Receiver 

operating characteristic (ROC) curves corresponding to the best descriptor-specific models, reporting peak AUC 

values obtained during five-fold cross-validation. (e) Three-dimensional visualization of GP and N compounds 

projected into reduced t-SNE space using selected feature representations. (f) Scatter-interval plot summarizing 

classification performance (mean ± SE) across ten-fold cross-validation for the top-performing support vector 

machine (SVM) model. (g) Training and test ROC curves for the optimized Signaturizer-based SVM model, 

highlighting the highest AUC fold during cross-validation. (h) Leave-One-Out Cross-Validation (LOOCV) 

performance metrics for the finalized Geroprediction classifier. (i) Determination of the optimal probability 

threshold (0.904) that minimizes false-positive predictions in the Geroprediction module. 

After selecting Signaturizer as the primary feature space, we compared multiple classification algorithms 

and identified support vector machines (SVMs) as the most effective for geroprotective prediction 

(Figure 3.1f,g; Extended Data Figure 1c; Extended Data Figure 2a,b,c). Model performance was 

subsequently refined through Boruta feature selection and randomized grid-search hyperparameter tuning. 

The optimized model exhibited strong and stable generalization across tenfold cross-validation and 

leave-one-out cross-validation, achieving a testing accuracy of 79.2% and ROC–AUC of 86.4% (Figure 

3.1h). To minimize false positives; particularly important for resource-intensive validation assays; we 

adopted a stringent probability threshold of 0.904, derived from fold-wise false-positive analyses across 

cross-validation splits (Figure 3.1i). 

Collectively, these results confirm that AgeXtend provides a robust, biologically informed, and 

interpretable platform for predicting geroprotective compounds. Comparative analyses further indicate 

that the geroprediction module surpasses previously reported models in accuracy and reliability, 

underscoring its value as a foundation for large-scale in silico exploration and experimental prioritization. 
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3.3.2 Mechanistic Interpretability: Linking Predicted Geroprotectors to the Hallmarks of Aging 

A key limitation of conventional machine-learning approaches in drug discovery is their reliance on 

black-box prediction, which offers little insight into the biological mechanisms underlying model outputs. 

To address this gap, AgeXtend incorporates a dedicated explainability module designed to map predicted 

geroprotectors onto conserved hallmarks of aging. This module enables mechanistic interpretation by 

quantifying the likelihood that each compound modulates specific biological processes. 

To develop the explainability module, we curated nine high-confidence datasets representing 

experimentally validated modulators of major aging pathways (Figure 3.2a; Extended Data Figure 1a). 

These included compounds influencing genomic instability (GI), telomere attrition (TA), epigenetic 

alterations (EA), loss of proteostasis (LP), deregulated nutrient sensing (DNS), mitochondrial dysfunction 

(MD), cellular senescence (CS), stem cell exhaustion (SCE) and altered intercellular communication 

(AIC). Each dataset consisted of a positive class (validated modulators of the respective process) and a 

negative or neutral class, curated using stringent inclusion and exclusion criteria to avoid species- or 

study-specific biases. To prevent information leakage, no overlap was allowed between the explainability 

datasets and the geroprediction training set (Figure 3.2b). 

Functional group enrichment analyses revealed pronounced chemical heterogeneity across the hallmark 

datasets, underscoring the need to model these biological processes independently (Figure 3.2c). 

Accordingly, we trained nine separate binary classifiers, one for each of the aging hallmarks. Different 

machine-learning algorithms emerged as optimal for different hallmarks: SVM models performed best for 

AIC, CS, DNS, EA, and LP; random forest for GI; XGBoost for MD; and extra-trees classifiers for SCE 

and TA (Figure 3.2d). As with the geroprediction module, each hallmark model underwent Boruta-based 

feature selection, randomized hyperparameter tuning, and tenfold cross-validation to ensure robustness 

and generalizability (Extended Data Figure 2d). 

The positive-class compounds in these datasets encompassed a wide spectrum of experimentally validated 

bioactivities, including sirtuin activators, NF-κB inhibitors, HSP90 inhibitors, and macroautophagy 

inducers, providing mechanistic anchors for interpretability (Figure 3.2e). To complement classification 

outputs, we also implemented a structural similarity search, enabling rapid Tanimoto-based comparisons 

between a query compound and hallmark-specific modulators, thereby linking predicted hits with known 

mechanistic analogs. 
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Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

Figure 3.2 Mechanistic interpretability and interaction mapping within AgeXtend 

(a) Sunburst visualization summarizing compound counts assigned as negative (class 1) or neutral/positive (class 0) 

modulators across the nine aging-associated biological processes. (b) Venn diagram demonstrating the absence of 

compound overlap between datasets used for Geroprediction (GP + N) and Explainability model training. (c) 

Functional-group enrichment heatmap illustrating chemical motif biases associated with individual aging processes. 

(d) ROC curves for the highest-performing explainability models, reporting maximum AUC values obtained from 

ten-fold cross-validation. (e) Treemap representation detailing the distribution of experimentally validated activators 

and inhibitors constituting the Explainability training sets. (f) Principal component analysis (PCA) variable factor 

map illustrating directional contributions of aging-associated processes for geroprotective (solid) and neutral 

(dashed) compounds. (g) Sunburst chart depicting class-wise compound distributions used for Toxicity module 

training (class 0: negative; class 1: positive). (h) ROC curves corresponding to the best Toxicity classifiers 

evaluated via ten-fold cross-validation. (i) Scatter-interval plot (mean ± SE; n = 10 folds) reporting regression 

performance of the MRTD prediction model (Decision Tree Regressor), assessed using MSE, MAE, and RMSE. (j) 

Mathematical formulation defining ρ, a proxy metric quantifying interaction strength between aging-associated 
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biological processes. (k) Heatmap visualizing pairwise interaction intensities among aging processes in validated 

geroprotectors. (l) Lollipop plot summarizing cumulative interaction strengths across all aging-associated 

processes. (m) SHAP-based feature attribution plot for the Geroprediction module. Each line corresponds to a 

feature, with SHAP values plotted along the x-axis. Red points denote high-impact feature values, while blue points 

indicate lower contributions. 

Subsequently, a comprehensive ADMET evaluation framework was established by curating 15 

independent datasets and training predictive models to characterize the pharmacokinetic and safety 

profiles of the predicted geroprotective candidates (Figure 3.2g; Extended Data Figure 1a). The toxicity 

module comprises fourteen classification models spanning key liability endpoints, including mutagenicity 

(AMES), mitochondrial membrane potential disruption, cytochrome P450 inhibition (CYP1A2, 

CYP2C19, CYP2C9, CYP2D6, and CYP3A4), hepatotoxicity, human liver microsomal stability, hERG 

channel blockade, drug-induced liver injury, blood–brain barrier permeability, and P-glycoprotein 

inhibition and substrate specificity, alongside a regression model estimating the maximum recommended 

therapeutic dose. Model refinement involved systematic feature selection and hyperparameter 

optimization, and robustness was assessed using ten-fold cross-validation, demonstrating stable and 

reproducible performance across endpoints (Figure 3.2h, i; Extended Data Figure 2d; Extended Data 

Figure 3a). 

To understand how hallmarks interact in shaping geroprotective predictions, we examined Friedman’s 

H-statistic across experimentally validated GPs (Figure 3.2f,j,k). This analysis revealed substantial 

crosstalk among biological processes; for example, positive interactions were noted between AIC and CS, 

MD and LP, CS and GI, and MD and CS; reflecting the interconnected nature of aging biology. We also 

quantified the overall contribution of each hallmark to geroprotection and found that mitochondrial 

dysfunction (MD) was the most frequently implicated biological axis (Figure 3.2l). 

Local interpretability analyses using SHAP (SHapley Additive exPlanations) further showed that features 

associated with AIC, DNS, and EA exert strong influence on geroprotective predictions, consistent with 

established literature linking immune modulation, nutrient sensing, and epigenetic stability to longevity 

(Figure 3.2m; Extended Data Figure 3b). Together, these results provide a mechanistically transparent 

view of how AgeXtend arrives at its predictions and highlight biological pathways most frequently 

engaged by geroprotective compounds. 

In summary, the explainability module allows AgeXtend to integrate bioactivity-driven prediction with 

mechanistic interpretation, revealing not only whether a compound may act as a geroprotector but also 
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how it may exert such effects. This interpretability is essential for hypothesis generation, rational 

compound prioritization, and downstream experimental validation. 

3.3.3 Validation of AgeXtend as a Predictor of Bioactive Geroprotectors 

To assess the specificity, robustness, and biological relevance of AgeXtend’s predictions, we 

systematically evaluated its performance on multiple external datasets that were not used during model 

training. 

We first tested the geroprediction module on an independent validation set consisting of 74 newly 

reported geroprotectors and 10 neutral compounds extracted from recent literature (Figure 3.3a-c). 

Despite the diversity of assay conditions and species used in these studies, AgeXtend achieved 90.5% 

accuracy, with 94.6% precision and recall, underscoring its ability to generalize beyond the original 

training distribution. This strong performance indicates that AgeXtend can reliably identify 

experimentally validated geroprotectors even when evaluated on heterogeneous datasets. 

We next assessed whether AgeXtend could recapitulate biological activity across well-characterized 

aging-relevant targets. Screening the Age-ChEMBL dataset; comprising activators of SIRT1, SIRT3, and 

SIRT6 and inhibitors of mTORC1, HSP90, JAK1, and HDAC6; yielded a median geroprediction 

probability of 0.84, consistent with their established roles in longevity pathways (Figure 3.3d). Similarly, 

compounds annotated as negative modulators of aging processes, representing class 1 modifiers of 

pro-aging pathways, showed a median geroprediction probability of 0.742, further confirming 

AgeXtend’s discriminatory power in distinguishing biologically active compounds. 

To evaluate specificity and the true-negative rate, we examined the DarkChem dataset, which contains 

compounds previously characterized as biologically inert (Figure 3.3e). AgeXtend assigned these 

compounds a substantially lower median geroprediction score (0.58) compared to Age-ChEMBL 

compounds, supporting the model’s ability to distinguish between active geroprotectors and presumed 

inactive molecules. Importantly, comparative t-SNE analyses using Mordred descriptors demonstrated 

that differences in geroprediction probabilities were not driven by physicochemical biases, as DarkChem 

and Age-ChEMBL compounds overlapped structurally in low-dimensional space (Figure 3.3f). Notably, 

several compounds in DarkChem were bona fide geroprotectors mislabeled as inert; these were removed 

to avoid confounding, consistent with the recognized limitations of bioassay coverage in the original 

dataset. 
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Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
Figure 3.3 Validation of AgeXtend using independent datasets and known geroprotectors 

(a) Workflow schematic illustrating projection of an independent compound set through the Geroprediction module 

to obtain prediction probabilities. (b) Density distribution of Geroprediction scores for the independent dataset. The 

default threshold (0.5) and optimized threshold (0.904) are indicated. (c) Confusion matrix summarizing 

classification outcomes, accompanied by a bar plot reporting overall predictive performance. (d) Density 

distribution of Geroprediction probabilities for activators and inhibitors targeting known aging-related proteins 

curated from Age-ChEMBL. (e) Comparative probability distributions for DarkChem and Age-ChEMBL datasets, 

with statistical significance assessed via two-sided Kolmogorov–Smirnov tests. (f) Three-dimensional clustering of 

geroprotective, neutral, and DarkChem compounds based on Mordred-derived physicochemical descriptors. (g) 

Venn diagram confirming exclusion of metformin, taurine, and N-acetyl taurine from Geroprediction and 
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Explainability training datasets. (h) Radial plots displaying predicted modulation probabilities across nine 

aging-associated processes for metformin, taurine, and N-acetyl taurine. (i) t-SNE projection of GP and N 

compounds in bioactivity space, with the three excluded reference compounds highlighted. (j) Chemical structures of 

nearest neighbors for metformin, taurine, and N-acetyl taurine; border colors denote geroprotective or neutral 

annotation. (k) Heatmap of Explainability-derived pathway probabilities for reference compounds and their nearest 

neighbors. (l) Target module output summarizing the top three predicted protein targets inferred from ligand 

similarity. 

To further challenge the model, we performed a prospective exclusion validation, deliberately removing 

three biologically important geroprotectors; metformin, taurine, and N-acetyltaurine; from all training 

datasets (Figure 3.3g). AgeXtend successfully identified all three as likely geroprotectors, assigning them 

geroprediction scores of 0.65, 0.70, and 0.80, respectively (Figure 3.3h). Hallmark-level signatures 

suggested that their predicted geroprotective potential may arise from modulation of pathways related to 

loss of proteostasis (LP), stem cell exhaustion (SCE), and telomere attrition (TA) (Figure 3.3k; Extended 

Data Figure 4c). Toxicity profiling was concordant with established literature: metformin triggered 

AMES and DILI alerts but was otherwise benign, while taurine and N-acetyltaurine exhibited no major 

toxicity flags (Extended Data Figure 4b). 

Embedding these compounds in AgeXtend’s bioactivity latent space revealed that they occupy 

neighborhoods containing both structurally and functionally similar geroprotectors (Figure 3.3i,j). The 

clustering of metformin, taurine, and N-acetyltaurine with known GPs supports the model’s ability to 

capture functional relationships that may not be apparent from chemical structure alone. 

Finally, to evaluate the performance of the target inference module, we queried BindingDB using 

predicted GPs and assessed whether AgeXtend could recover known interactions for aging-relevant 

targets (Figure 3.3l). The module correctly identified expected targets; such as DPP4, 5-HT3A, and C1S 

for metformin; SLC36A1 and GABR1 for taurine; and neprilysin (NEP) for N-acetyltaurine; as 

top-scoring predictions. Furthermore, when benchmarked against experimentally validated inhibitors of 

mTORC1, HSP90, JAK1, and HDAC6, the module successfully placed these targets among the 

top-ranked results, achieving hit scores of 53%, 100%, 45%, and 59%, respectively. 

These collective analyses demonstrate that AgeXtend not only predicts geroprotectors with high accuracy 

but also discriminates between active and inactive molecules, captures biologically meaningful 

relationships in embedding space, and reliably infers protein targets matched to aging biology. This 

multi-layered validation strongly supports AgeXtend as a robust framework for discovering bioactive 

geroprotective candidates. 
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3.3.4 Large-Scale Computational Exploration of Geroprotective Chemical Space 

After establishing the predictive strength of AgeXtend, we next assessed its ability to navigate and 

interrogate the vast and chemically diverse landscape of small molecules, natural products, metabolites, 

and synthetic libraries. The chemical space relevant to aging encompasses extraordinarily heterogeneous 

compounds that vary widely in size, flexibility, scaffolds, and functional group architecture. However, 

only a very small fraction of this space, represented by curated resources such as DrugAge and the 

Geroprotectors database, has been experimentally annotated for geroprotective activity. This limited 

knowledge base poses a significant barrier to rational exploration and systematic discovery of new 

geroprotectors. 

To overcome these constraints, we deployed AgeXtend for an ultra-large-scale in silico screen across 

approximately 1.1 billion compounds sourced from twenty diverse molecular databases (Figure 3.4a; 

Extended Data Figure 4e). These included small-molecule libraries, phytochemical collections, 

microbial and host-derived metabolite repositories, food metabolomes, and large virtual libraries. By 

applying AgeXtend’s integrated geroprediction, explainability, toxicity, and target modules, we generated 

comprehensive mechanistic annotations and prioritization scores for each compound. 

 

Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
Figure 3.4 Large-scale in silico screening and user interface of the AgeXtend Python package 

(a) Circle-packing visualization of large chemical repositories screened using AgeXtend, annotated with the number 

of high-confidence predictions (probability ≥ 0.904). (b) t-SNE map of ChEMBL compounds, with regions enriched 

for predicted geroprotective activity highlighted. (c) Functional schematic of the AgeXtend Python package, 

illustrating its dual components: a Predictor for user-supplied molecules and a Browser enabling rapid querying of 

pre-computed results spanning ~1.1 billion compounds. 

68 



To facilitate efficient execution and downstream use of AgeXtend at this unprecedented scale, we 

packaged the full workflow into a dedicated AgeXtend Python toolkit (Figure 3.4c). This software 

includes two key components: 

●​ Predictor, which allows users to run the complete AgeXtend pipeline on custom datasets or newly 

designed molecules. 

●​ Browser, which provides immediate access to precomputed AgeXtend outputs for the full set of 

~1.1 billion screened molecules, enabling rapid querying, filtering, and inspection of 

mechanistically annotated geroprotector candidates. 

This extensive in silico exploration reveals distinct regions of chemical space enriched for predicted 

geroprotectors, highlighting previously underexplored chemical classes as potential sources of 

longevity-modulating compounds (Figure 3.4b; Extended Data Figure 5a). By enabling systematic 

prioritization across billions of molecules, AgeXtend provides a powerful computational foundation for 

accelerating geroprotective discovery and guiding targeted experimental validation in aging research. 

3.3.5 AgeXtend Identifies Endogenous and Microbiome-Derived Geroprotective Metabolites 

Metabolic rewiring is a central feature of aging, and numerous studies now implicate specific metabolite 

classes, such as lipids, amino acids, and polyamines, as regulators of lifespan and healthspan. However, 

the mechanistic contribution of individual metabolites remains poorly defined. To address this gap, we 

applied the AgeXtend framework to systematically evaluate whether endogenous and 

microbiome-derived metabolites exhibit geroprotective signatures. 

We first analyzed age-associated metabolites catalogued in the Aging Atlas Database, which provides 

enrichment or depletion status across species, tissues, and biological contexts, along with pathway 

annotations and statistical significance (Figure 3.5a). By calculating geroprediction probabilities for each 

metabolite, we observed a pronounced enrichment of high-scoring metabolites in samples from younger 

individuals, particularly within amino acid and lipid metabolic classes. This pattern suggests the presence 

of a metabolite-defined cellular environment conducive to pro-longevity responses. Hallmark-level 

interpretations using AgeXtend’s explainability module further indicated that the most promising 

endogenous metabolites likely exert their effects through modulation of loss of proteostasis (LP), stem 

cell exhaustion (SCE), and telomere attrition (TA) (Extended Data Figure 6a). These top-ranked 

metabolites were enriched in pathways such as taurine and hypotaurine metabolism, sphingolipid 

metabolism, and biosynthesis of unsaturated fatty acids, all of which have known associations with aging 

biology (Figure 3.5b). 
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Because microbial communities significantly contribute to the host metabolome and influence aging 

trajectories, we next examined microbiome-derived metabolites using a two-stage analytical approach 

(Figure 3.5c). In the first stage, we leveraged a large meta-analysis comprising 5,388 gut microbiome 

profiles across 13 datasets, focusing on individuals aged ≥60 years. Using random-effects modeling, we 

classified gut microbial species as age positive (increasing with age) or age negative (decreasing with 

age). To characterize their functional capacities, we mapped species to their experimentally validated 

metabolite production profiles and computed geroprediction probabilities for each metabolite using 

AgeXtend. Each species was then assigned a species-level geroprediction score based on the mean 

enrichment of its metabolic outputs (Figure 3.5d-e). 

Comparing age-positive and age-negative species revealed that age-negative taxa exhibited significantly 

higher geroprediction scores (P < 0.05), indicating enrichment of metabolite-mediated pro-longevity 

functions in species that decline with age. Several species identified in this analysis; including Roseburia 

hominis, Dorea longicatena, Catenibacterium mitsuokai, and Coprococcus comes; have been previously 

linked to healthy, youthful microbiome states. Explainability analysis predicted that many of their 

metabolites modulate LP and TA, reinforcing their potential roles in promoting longevity (Figure 3.5f). 

In the second stage, we assessed metabolite-driven microbiome associations with frailty, using data from 

the ELDERMET cohort, where the Frailty Index Measure (FIM) serves as a direct marker of health 

deterioration (Figure 3.5g). Species were categorized as FIM positive (associated with lower frailty) or 

FIM negative (associated with higher frailty), and species-level geroprediction scores were computed 

based on the metabolites they produce. Consistent with observations from age-association analysis, 

FIM-positive species exhibited significantly higher geroprediction scores, indicating that microbial taxa 

associated with better functional health are enriched in geroprotective metabolic capacities. 

Correlation analyses further revealed a negative association with TA and a positive association with EA, 

suggesting that microbial metabolites linked to healthy aging predominantly modulate pathways involved 

in telomere maintenance and epigenetic regulation (Figure 3.5h; Extended Data Figure 6b). Throughout 

these analyses, we employed a stringent probability cut-off (>0.904) to minimize false positives and 

ensure high-confidence metabolite predictions. 

Taken together, these findings demonstrate that AgeXtend effectively identifies previously 

underappreciated endogenous and microbial metabolites with geroprotective potential. By integrating 

large-scale metabolomic datasets with mechanistic interpretability, AgeXtend provides a powerful tool for 

uncovering metabolic drivers of healthy aging and opens new avenues for therapeutic exploration. 
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Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
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Figure 3.5 Identification of endogenous and microbiome-derived metabolic contributors to longevity 

(a) Volcano plot showing differentially enriched metabolites from the Aging Atlas (p < 0.05), overlaid with 

Geroprediction scores. Young-associated amino acids and lipids are significantly enriched, as determined by 

two-sided Chi-square testing. High-confidence predictions (probability ≥ 0.904) are emphasized. (b) Metabolite 

pathway enrichment analysis of age-associated metabolites performed using MetaboAnalyst; adjusted p-values 

derive from one-tailed hypergeometric testing. (c) Conceptual framework underlying microbiome analysis, where 

vectors Vx and Vy encode microbial species–age associations and metabolite production profiles, respectively. (d) 

Box plots comparing mean Geroprediction scores of microbial species positively or negatively associated with host 

age; significance assessed using two-sided Mann–Whitney U tests. (e) Sankey diagram illustrating taxonomic 

classification of gut microbes stratified by the geroprotective potential of their metabolite output. (f) Heatmap 

summarizing the capacity of high-confidence metabolite-producing species to modulate aging-associated biological 

processes. (g) Box plots comparing microbial Geroprediction scores based on FIM association status. (h) Scatter 

plot revealing a negative correlation between FIM association and telomere attrition probability, evaluated using 

Pearson correlation. 

3.3.6 AgeXtend-Predicted Metabolites Enhance Yeast Chronological Lifespan 

To experimentally validate the functional relevance of metabolites predicted by AgeXtend, we selected a 

subset of 24 endogenous metabolites from the ~1.1 billion screened compounds for testing in the 

Saccharomyces cerevisiae chronological lifespan (CLS) assay (Figure 3.6a). Selection criteria included 

conservation between yeast and human metabolic networks, high geroprediction scores, favorable toxicity 

profiles, and mechanistic signatures aligned with key hallmarks of aging. Pathway enrichment revealed 

that these metabolites participate in biologically essential processes such as the pentose phosphate 

pathway, glycolysis/gluconeogenesis, vitamin B6 metabolism, and the tricarboxylic acid cycle, indicating 

broad metabolic relevance (Figure 3.6b). Functional group analysis showed pronounced chemical 

heterogeneity, with an enrichment of alcohol-containing moieties (Extended Data Figure 6c). 

Hallmark-level interpretation using the explainability module identified cellular senescence (CS), loss of 

proteostasis (LP), stem cell exhaustion (SCE), and telomere attrition (TA) as the principal biological 

processes potentially modulated by these metabolites (Extended Data Figure 6d). Structural similarity 

mapping further revealed that several metabolites exhibit chemical proximity to known modulators of 

these hallmarks, highlighting potential mechanistic parallels (Extended Data Figure 6e). Predictions 

from the toxicity module suggested that most metabolites were non-toxic, supporting their suitability for 

experimental evaluation (Extended Data Figure 6f). Moreover, Tanimoto similarity analysis against 

validated geroprotectors yielded a median similarity score of 0.36, with a maximum of 0.77 for 

deoxycholic acid (DCA), confirming that their predicted functions arise from a combination of structural 
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and bioactivity-driven factors (Figure 3.6c). Metabolic stability assessments using Biotransformer 3.0 

indicated that most metabolites remained inert during phase I and phase II metabolism, suggesting 

minimal biotransformation and sustained activity in cellular environments. 

 

Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
Figure 3.6 Experimental validation of AgeXtend-predicted endogenous metabolites in yeast 

(a) Radial plots displaying Geroprediction probabilities for endogenous metabolites tested experimentally. (b) 

Pathway enrichment analysis of predicted metabolites using MetaboAnalyst with multiple-testing-corrected 

p-values. (c) Tanimoto similarity heatmap comparing endogenous metabolites against training-set geroprotectors. 

(d) Experimental timeline for yeast chronological lifespan (CLS) assays. (e) Survival curves demonstrating lifespan 

extension induced by selected metabolites. Statistical significance was evaluated using two-sided Mann–Whitney U 

tests; error bars represent SEM (n = 8). 

We next conducted the yeast CLS assay to determine whether these metabolites confer longevity benefits. 

Survival was quantified through propidium iodide (PI) staining at multiple time points over 25 days, and 
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area-under-the-curve (AUC) values were used as integrated measures of survival (Figure 3.6d). Three 

concentrations per metabolite (log scale) were tested, accompanied by a full panel of controls: vehicle, 

untreated, assay control (unstained), blank, and heat-killed cells. A majority of metabolites produced 

significant improvements in cell survival relative to vehicle-treated controls (Figure 3.6e; Extended 

Data Figure 7a,b; Extended Data Figure 8a). Notably, D-erythrose 4-phosphate (ERP), succinyl-CoA 

(SCoA), DCA, D-ribulose 5-phosphate (DRLP), and 3-phospho-D-glycerate (DGA) demonstrated strong 

geroprotective effects. As expected, validated geroprotectors such as L-ascorbic acid (AAA) and 

putrescine (PUT) also improved CLS, serving as internal benchmarks of assay fidelity. 

To determine whether increased survival was attributable to enhanced lifespan rather than altered growth 

dynamics, we performed a 16-hour growth kinetics assay under optimal metabolite concentrations 

(Extended Data Figure 9a,b). With the exception of ERP, PUT, and fucosterol (FST); which exhibited 

minor yet statistically significant growth effects; no other metabolite altered growth trajectories 

(Mann–Whitney U-test), confirming that the observed benefits in CLS were primarily due to 

longevity-promoting mechanisms rather than growth inhibition. 

Together, these results provide strong experimental support for AgeXtend’s predictive accuracy in 

identifying biologically relevant geroprotective metabolites. The successful translation of computational 

predictions into extended lifespan in yeast underscores the utility of combining bioactivity-derived 

embeddings with mechanistic explainability for uncovering metabolite-driven pro-longevity interventions. 

3.3.7 Explainability Module Identifies Endogenous Senomodulators 

Cellular senescence has emerged as a central target in geroscience, with senolytics and senomorphics 

showing promise in delaying tissue dysfunction and age-related decline. Guided by hallmark-level 

predictions from AgeXtend’s explainability module, we investigated whether specific endogenous 

metabolites predicted to modulate the cellular senescence (CS) pathway exhibit senomodulatory 

properties in vitro (Figure 3.7a). 

Two metabolites; deoxycholic acid (DCA) and zymosterol (ZST); were prioritized based on their high 

CS-modulation scores. As a negative control, we included dihydroxyacetone phosphate (DHAP), which 

displayed pro-longevity effects in yeast CLS assays but was not predicted by AgeXtend to influence the 

senescence pathway. Azithromycin (AZI), a well-established senolytic, served as a positive control. 
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Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
Figure 3.7 Identification and validation of senomodulators using AgeXtend explainability outputs 

(a) Representative micrographs of SA-β-gal staining in human fibroblasts under senescent (CPT+) and 

non-senescent (CPT–) conditions. (b) Quantification of SA-β-gal–positive cells normalized to controls (mean ± SE; 

n = 10 images), with significance assessed via Welch’s two-sided t-test. (c) Schematic overview of the C. elegans 

lifespan assay workflow. (d) Distribution of Tanimoto similarity between tested drugs and known geroprotectors 

used in model training. (e) Survival curves demonstrating lifespan extension in C. elegans following treatment with 

AgeXtend-predicted compounds; statistical significance determined using log-rank tests. 

Using human dermal fibroblasts subjected to camptothecin (CPT)-induced senescence, we conducted 

standard senescence assays to evaluate metabolic modulation. Co-treatment with DCA or ZST 

significantly reduced the proportion of SA-β-galactosidase–positive cells relative to CPT-only controls, 

whereas DHAP did not alter senescence levels (Figure 3.7b). These findings were reinforced using the 
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Sudan Black B (SBB) lipofuscin staining assay, which similarly demonstrated senomorphic activity for 

DCA and ZST, and robust senolysis for AZI (Extended Data Figure 10a). 

To differentiate between senolytic and senomorphic activity, we assessed the toxicity profiles of each 

metabolite in nonsenescent fibroblasts (Extended Data Figure 10b-e). FDA/PI viability and MTT assays 

revealed that DCA was consistently non-toxic across all tested concentrations, while ZST exhibited 

dose-dependent cytotoxicity, particularly at 10 μM. At the recommended senolytic dose, AZI induced 

marked toxicity, validating assay sensitivity. When toxicity was compared across senescent and 

nonsenescent conditions, ZST selectively reduced viability under CPT-induced senescence but not under 

basal conditions, suggesting senolytic-like behavior. DCA, in contrast, appeared primarily senomorphic, 

reducing senescence burden without preferential cytotoxicity. 

Collectively, these experiments confirm that the CS module of AgeXtend effectively identifies 

endogenous metabolites with senomodulatory and senolytic potential. The agreement between 

computational predictions and functional outcomes highlights the value of mechanistic explainability in 

mapping bioactivity to specific aging pathways. 

3.3.8 Validation of Drug-Like Geroprotectors in C. elegans Lifespan Assays 

To complement yeast and fibroblast validations and to evaluate cross-species robustness, we next assessed 

whether AgeXtend-predicted geroprotective compounds modulate lifespan in a whole-organism model. 

From the DrugBank-derived candidate list, we selected three drugs; fadrozole (FDR), anastrozole (ANA), 

and amyl acetate (AMA); based on their (i) high geroprediction probabilities (0.74, 0.85, and 0.96, 

respectively), (ii) structural novelty relative to the training set, and (iii) favorable toxicity signatures 

(Figure 3.7c,d; Extended Data Figure 10f). Tanimoto similarity analysis confirmed minimal structural 

similarity to known geroprotectors used during model training (<0.38), ensuring that predictions were not 

driven by simple chemotype resemblance. 

Using the standard C. elegans lifespan assay, worms were treated with each compound at a final 

concentration of 100 μM, with DMSO serving as a vehicle control. Two of the three compounds; FDR 

and ANA; exhibited statistically significant lifespan extension, increasing maximum mean lifespan by 

10.8% and 8.4%, respectively (Figure 3.7e). AMA consistently trended toward increased lifespan across 

replicates but did not reach significance at the 95% confidence threshold, suggesting potential 

context-dependent effects that may warrant further evaluation. 
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Importantly, these compounds belong to diverse chemical classes and exhibit disparate biological 

activities unrelated to canonical aging pathways, underscoring AgeXtend’s ability to identify 

geroprotectors that lie outside traditional structural or mechanistic expectations. Together with yeast CLS 

assays and fibroblast senescence experiments, these results provide strong cross-validation that AgeXtend 

reliably prioritizes compounds with true geroprotective activity across phylogenetically distant biological 

systems. 

3.4 Discussion 

Over recent decades, improvements in healthcare and living standards have markedly increased human 

life expectancy. However, these gains have not been accompanied by proportional improvements in 

healthspan, resulting in prolonged years of morbidity rather than functional well-being (Garmany and 

Terzic 2024, 2025; Garmany et al. 2021). Aging remains the strongest risk factor for most chronic 

diseases, and its multifactorial nature, shaped by genetic, environmental, and metabolic influences; makes 

it an attractive target for intervention (Bland 2018; Guo et al. 2022; Zhang et al. 2023; Argentieri et al. 

2025). Among the various strategies proposed to modulate aging, small-molecule therapeutics represent 

one of the most practical and scalable avenues for suppressing age-associated phenotypic and molecular 

deterioration (Santiago-de-la-Cruz et al. 2025). 

Classically, geroprotective discovery has relied on repurposing drugs known to modulate conserved 

longevity pathways, exemplified by rapamycin, metformin, and other modulators of nutrient-sensing or 

stress-response axes. However, despite decades of research, the number of experimentally validated 

geroprotectors remains small. This scarcity reflects a fundamental bottleneck: limited exploration of 

chemical space, which contains billions of possible compounds but only thousands that have ever been 

tested for aging-relevant effects (Niazi 2025; Zhou et al. 2024; Ferreira and Carneiro 2025). Recent 

AI-based approaches have attempted to address this bottleneck, yet most have suffered from key 

limitations, including small training datasets, reliance on purely chemical descriptors, and a lack of 

mechanistic interpretability (Rao et al. 2023; Santiago-de-la-Cruz et al. 2025; Zhou et al. 2024). Parallel 

computational strategies, such as virtual screening, pathway similarity scoring, and gene-set enrichment; 

also remain constrained by surrogate endpoints, model organism biases, or high false-positive rates. 

The work presented in this chapter addresses these challenges through the development of AgeXtend, a 

comprehensive, multimodal framework that integrates prediction accuracy with biological interpretability. 

AgeXtend leverages bioactivity-derived descriptors, which encode both chemical and biological 

information, allowing the model to generalize beyond superficial structural similarity. This was evident in 
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our validation experiments: several predicted geroprotectors, whether endogenous metabolites or 

drug-like small molecules, exhibited minimal Tanimoto similarity to any compound in the training dataset 

yet aligned strongly in bioactivity space, ultimately demonstrating functional geroprotective outcomes in 

experimental assays. 

A major strength of AgeXtend lies in its explainability module, which anchors predictions to the 

Hallmarks of Aging. Our senescence-focused experiments validate the biological relevance of this design: 

metabolites predicted to modulate the cellular senescence (CS) hallmark indeed reduced senescence 

burden in human fibroblasts, whereas those predicted to lack senomodulatory potential showed no 

activity. This multi-model approach combines predictive power with mechanistic rationale; critical for 

translational reliability in geroscience. 

The integrated toxicity and target inference modules further enhance the utility of AgeXtend. Toxicity 

profiling enables early elimination of liabilities, while the target module provides mechanistically 

plausible protein partners using ligand-based similarity searches within BindingDB. These functionalities 

together create a robust pipeline for in-depth exploration of the geroprotective landscape and downstream 

experimental prioritization. 

Despite its strengths, AgeXtend has several limitations. First, like all machine-learning models, its 

performance is influenced by the diversity and size of the training datasets. Some hallmarks; particularly 

those associated with dysbiosis, disabled macroautophagy, or chronic inflammation; remain 

underrepresented due to sparse biochemical annotations. Expanding datasets in these domains will be 

essential for refining and extending AgeXtend’s mechanistic coverage. Second, although bioactivity 

descriptors offer enriched biological context, their training predominantly derives from cancer cell line 

perturbations, which may not fully recapitulate aging-specific cellular states. Nonetheless, AgeXtend’s 

geroprediction module already surpasses previously reported models in performance, underscoring its 

robustness. 

The biological insights generated in this chapter further illustrate AgeXtend’s capability to uncover 

meaningful drivers of longevity. Screening human and yeast metabolomes and microbiome-derived 

metabolites revealed several high-confidence candidates with strong geroprotective potential. Among 

these, D-erythrose 4-phosphate (ERP) and D-ribulose 5-phosphate (DRLP) are metabolically linked to 

NADPH generation, a reducing agent whose decline is a hallmark of aging. Other metabolites, such as 

3-phospho-D-glycerate (DGA), are associated with enhanced mitochondrial function and reduced 
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inflammatory drive. These connections reflect how metabolic reprogramming can modulate cellular 

resilience and longevity, aligning with established literature. 

The translation of computational predictions into in vivo validation across multiple species; yeast CLS 

assays, human fibroblast senescence assays, and C. elegans lifespan tests; demonstrates the broad 

applicability of AgeXtend. The concordance between computational predictions and experimental 

outcomes strongly supports the framework’s reliability. In yeast, several metabolites produced substantial 

lifespan extension; in fibroblasts, predicted senomodulators reduced senescence burden; and in C. 

elegans, predicted drug-like molecules extended organismal lifespan. While future work should expand 

these evaluations; including assessing metabolites in yeast replicative lifespan assays, which may reflect 

stem-cell exhaustion pathways; this study provides strong cross-species evidence of AgeXtend’s 

predictive accuracy. 

In summary, AgeXtend provides a powerful platform for exploring the endogenous and exogenous 

chemical space governing aging biology. By integrating predictive accuracy with mechanistic 

transparency, toxicity assessment, and target inference, AgeXtend overcomes key barriers in current 

geroprotective discovery. The framework not only identifies promising compounds but also reveals 

underlying biological pathways, enabling hypothesis-driven mechanistic studies. These capabilities lay 

the foundation for the CRM-focused systems developed in the next chapter, where we extend AgeXtend 

into AgeXtend::Mimetics, a biologically convergent yet chemically divergent framework for the 

discovery of caloric restriction mimetics. 
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Chapter 4 – Objective 2: Identifying Caloric Restriction Mimetics Using the 

AgeXtend::Mimetics Framework 

4.1 Introduction and Rationale 

Caloric restriction (CR), defined as a reduction in caloric intake without malnutrition, remains one of the 

most robust and evolutionarily conserved interventions known to extend lifespan across diverse species; 

from yeast and worms to mammals (Hegsted 1990; Fontana et al. 2010). CR remodels cellular 

metabolism, activates nutrient-sensing and stress-response pathways, enhances autophagic flux, increases 

mitochondrial efficiency, and improves proteostasis and redox balance (Masoro 2000; Longo and Mattson 

2014). These multifaceted physiological effects position CR as a gold-standard benchmark for longevity 

interventions.  

However, long-term CR is not practical or safe for most individuals, and its physiological benefits are 

constrained by adherence challenges, nutritional risks, and adverse metabolic consequences in certain 

populations (Redman and Ravussin 2011; Most et al. 2017). This has stimulated the search for caloric 

restriction mimetics (CRMs); small molecules that emulate the key biological effects of CR without 

necessitating actual caloric reduction (Ingram et al. 2006, 2004). While a few canonical CRMs, such as 

metformin, resveratrol, spermidine, and rapamycin, have shown promising results, the chemical landscape 

of validated CRMs remains narrow (Barzilai et al. 2016; Baur et al. 2006; Harrison et al. 2009; Eisenberg 

et al. 2016). Most known CRMs cluster within limited chemotypes and nutraceutical classes, revealing the 

need for a systematic search for chemically novel yet biologically convergent CRMs. 

Existing computational pipelines for CRM prediction rely heavily on structural similarity, gene expression 

matching, or pathway enrichment analyses. These approaches are limited by incomplete datasets, 

restrictive definitions of CR biology, and a fundamental assumption that chemical similarity correlates 

with mechanistic convergence; an assumption frequently violated in aging biology (Johnson et al. 2013; 

Pearson et al. 2008). CR-like effects can emerge from structurally unrelated molecules that rewire aging 

pathways through orthogonal mechanisms, making structural similarity-based drug discovery insufficient. 

Thus, identifying CRMs requires a computational framework that explicitly distinguishes between 

biological convergence (CR-like biological signatures) and chemical divergence (novel scaffolds 

dissimilar to known CRMs). The AgeXtend::Mimetics framework was developed to meet this 

requirement. Building upon the mechanistic transparency and predictive power of AgeXtend, this pipeline 

incorporates dual similarity modeling, ridge regression–based disentanglement of chemical versus 
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biological contributions, supervised contrastive learning for pathway inference, and a unified CRM 

fingerprint for ranking candidate molecules. 

Together, these components enable the discovery of molecules that are biologically similar to CRMs for 

mechanistic reasons, not due to shared chemotypes; thereby expanding the chemical search space for 

longevity therapeutics and enabling the identification of next-generation CRMs with improved potency, 

safety, and translational potential. 

4.2 Methodology 

Building upon the dual-domain modeling principles established in Chapter 3; where biological descriptor 

modeling and mechanistic similarity estimation were optimized for geroprotector identification; we 

extended this framework to develop an advanced mechanism-backed approach tailored specifically for 

caloric restriction mimetic discovery. This multi-stage pipeline integrates dual-similarity modeling, 

supervised contrastive learning, and unified fingerprint construction to prioritize molecules that exhibit 

biological alignment with known CRMs while maintaining chemical novelty. 

4.2.1 Data Curation: CRM Ground-Truth Data 

A curated set of ~58 experimentally validated CRMs was assembled from literature, intervention studies, 

online repositories, and aging pharmacology databases (“Caloric Restriction Mimetics against 

Age-Associated Disease: Targets, Mechanisms, and Therapeutic Potential” 2019; Shintani et al. 2018; 

Yessenkyzy et al. 2020; Hofer et al. 2021; Roth et al. 2001; Zhang et al. 2012; Seo et al. 2018). 

Compounds were cross-checked across species, removing duplicates, contradictory annotations, and 

low-confidence entries. All molecules were standardized by canonicalizing SMILES strings, removing 

salts, normalizing stereochemistry, and eliminating structurally redundant entries. 

4.2.2 Data Curation: Caloric Restriction (CR)–Associated Pathway Data 

To characterize mechanistic patterns underlying caloric restriction and to train the supervised contrastive 

learning component of the AgeXtend::Mimetics framework, we assembled a comprehensive dataset of 

small molecules modulating key CR-associated pathways. For each pathway, we systematically curated 

activators and inhibitors of targets implicated in hallmark CR mechanisms; including, for example, 

AMPK activators associated with acetyl-CoA depletion and protein deacetylation, EP300 inhibitors 

linked to autophagy induction, and α-glucosidase inhibitors corresponding to reduced insulin/IGF-1 

signaling. 
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All compounds were collected through extensive literature mining and database interrogation, followed 

by a multi-step quality control process that eliminated duplicates within pathways, conflicting 

annotations, and molecules with ambiguous or controversial mechanism-of-action reports. After curation, 

the final dataset comprised 16,229 unique pathway-compound associations. 

Standardized bioactivity descriptor vectors were generated from the canonical SMILES of each 

compound using Signaturizer. This dataset formed the input for training the Supervised Contrastive 

(SupCon) model described in Section 4.2.5, providing the mechanistic foundation needed to derive CR - 

associated pathway-discriminative molecular embeddings and calibrated pathway probability 

distributions. 

4.2.3 Feature Engineering and Descriptor Extraction 

To represent molecules comprehensively in AgeXtend::Mimetics, bioactivity-based descriptors 

(Signaturizer), capturing perturbational, pathway, and multi-omic signals were calculated for all the 

curated datasets . All vectors were normalized and missing values were imputed using feature-wise mean 

imputation. 

4.2.4 Dual Similarity Modeling and Pathway-Specific Residual Estimation 

To operationalize the concept of biological convergence coupled with chemical divergence (introduced in 

Section 4.1), we first defined two structured data domains: 

(i) a query space (Q) comprising well-characterized CRMs with annotated pathway associations, and 

(ii) a search space (S) representing a large chemical universe of candidate small molecules. 

Each compound was embedded into two orthogonal descriptor spaces; biological (BCDE) and chemical 

(A); generated using Signaturizer(Bertoni et al. 2021), providing mechanistically meaningful 

representations. To ensure that cosine similarity captured mechanistic directionality rather than magnitude 

artefacts arising from batch effects or concentration differences, all feature matrices were row-wise 

L₂-normalized. 

We computed pairwise cosine similarities between query and search compounds in both domains: 

●​ simbio = cos(Q₁, S₁) reflecting mechanistic alignment 

●​ simchem = cos(Q₂, S₂) reflecting structural similarity 
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For each biological pathway, we trained a ridge regression model (RidgeCV, 5-fold CV; α ∈ {0.1, 1.0, 

10.0}), predicting expected biological similarity (ŷ) as a function of chemical similarity. This formulation; 

conceptually linked to the conditional dependence modeling described in Section 2.2 D; provided a 

baseline expectation for how biologically similar two structurally related molecules should be. Pathways 

with sparse or low-variance similarity values defaulted to mean-based estimates to ensure numerical 

robustness. 

Residuals (r = simbio – ŷ) quantified biological over-performance beyond structural expectation, thereby 

serving as a mechanistic enrichment score. To suppress structurally redundant analogs that lacked 

biological signal, a penalty was imposed on molecules exhibiting high chemical similarity (simchem > 0.8) 

but low biological similarity (simbio < 0.3): 

 for  , where  = 0.5 was 𝑟
𝑝𝑒𝑛𝑎𝑙𝑖𝑧𝑒𝑑

 =  𝑟 −  ω(𝑠𝑖𝑚
𝑐ℎ𝑒𝑚

−  𝑠𝑖𝑚
𝑏𝑖𝑜

), 𝑠𝑖𝑚
𝑐ℎ𝑒𝑚

 >  0. 8 𝑎𝑛𝑑 𝑠𝑖𝑚
𝑏𝑖𝑜

<  0. 3 ω

the penalty weight. This penalty mirrored the novelty-promoting constraints and ensured preferential 

ranking of mechanistically enriched yet structurally diverse candidates. 

 

Residuals were then aggregated across all queries to generate pathway-wise enrichment matrices. 

Compounds in the top 90th percentile per pathway were shortlisted, and molecules enriched across 

multiple pathways were carried forward as mechanism-supported candidates for representation learning. 

For these, two summary metrics were computed: Coverage Score (number of enriched pathways) and 

Mean Residual, forming the mechanistic backbone of the unified fingerprint. 

4.2.5 Supervised Contrastive Learning for Pathway-Discriminative Embeddings 

Supervised contrastive learning was employed to derive pathway-discriminative embeddings capable of 

capturing non-linear mechanistic relationships among CR-associated pathways. The standardized 

biological descriptor vectors generated by Signaturizer served as the model inputs, consistent with the 

descriptor strategy outlined in Chapter 3. Each input vector was passed through a two-layer Multi-Layer 

Perceptron (MLP) encoder, followed by a non-linear projection head that produced L₂-normalized latent 

embeddings. 

During training, compounds annotated to the same biological pathway were treated as positive pairs, 

whereas compounds belonging to different pathways were treated as negative pairs. The SupCon loss was 

optimized to simultaneously tighten the embedding distance between positives and increase separation 
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from negatives, enabling the model to learn higher-order mechanistic similarities that go beyond the linear 

dual-similarity estimates described in Section 4.2.4. 

A multilabel-stratified K-fold cross-validation scheme ensured robust generalization across heterogeneous 

pathway classes. Each fold comprised: 

1.​ joint optimization of the encoder–projector network under Gaussian noise and feature dropout 

augmentations, 

2.​ followed by fine-tuning a linear classifier head (with the encoder frozen) using the 

BCE-with-logits objective to obtain calibrated pathway probabilities. 

Class imbalance was addressed using positional weighting, and learning rates were adaptively tuned using 

ReduceLROnPlateau to avoid overfitting or plateaus in convergence. Model performance across folds was 

evaluated using micro-F1, macro-F1, accuracy, ROC-AUC, and PR-AUC, calculated on the held-out test 

sets. 

The final encoder weights, along with feature normalizers, were retained as deployable artifacts for 

downstream inference and full-dataset retraining. After training, the linear classifier transformed pathway 

logits into probability distributions, which served as biologically grounded molecular fingerprints feeding 

into the unified representation described in Section 4.2.6. 

4.2.6 Unified Molecular Fingerprint Construction 

The final stage integrated mechanistic residual-based metrics with SupCon-derived pathway probability 

vectors to generate a unified, mechanism-aware molecular fingerprint. Coverage Score and Mean 

Residual were scaled to the interval [0, 1] using Min–Max normalization (sklearn). Each molecule’s final 

fingerprint included: 

●​ scaled Coverage Score 

●​ scaled Mean Residual 

●​ full pathway probability vector 

This concatenated fingerprint produced a low-dimensional, mechanism-aligned representation that 

combines: 

●​ structural novelty, 

●​ biological convergence, and 
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●​ pathway-level mechanistic plausibility. 

4.2.7 Development of a Caloric Restriction Mimetic (CRM) Fingerprint 

To assess internal consistency and construct a mechanistically meaningful CRM fingerprint, we applied 

the full AgeXtend::Mimetics workflow in an n–1 validation configuration. For each CRM query 

compound q within a given pathway space P, the compound was temporarily removed from the query set. 

Dual cosine similarities between query–search pairs were recomputed, pathway-specific ridge regression 

models were refitted, and updated residuals were derived following the same procedures outlined in 

Section 4.2.4. 

Residuals were aggregated across pathways, and compounds within the top 90th percentile for a given 

pathway were considered biologically enriched. For each CRM, the resulting pathway enrichment profiles 

were summarized using its Coverage Score and Mean Residual, offering complementary measures of 

mechanistic breadth and degree of biological over-performance relative to structural expectation. 

These CRMs were then propagated through the trained SupCon model (Section 4.2.4), yielding calibrated 

pathway probability vectors that captured non-linear mechanistic proximity and pathway alignment. 

Finally, these probability distributions were integrated with the scaled Coverage Score and scaled Mean 

Residual to create a unified, interpretable CRM fingerprint. This fingerprint encodes: 

●​ structural novelty (via chemical divergence), 

●​ biological convergence (via high residuals), and 

●​ pathway-aligned mechanistic plausibility (via SupCon-derived probabilities). 

4.2.8 Validation Using Mechanistically Diverse Search Spaces 

To evaluate the predictive reliability of AgeXtend::Mimetics, we assessed its ability to recover known 

CRMs from chemically and biologically heterogeneous search spaces. Three mechanistically distinct 

datasets were used for this external validation as search spaces: 

●​ DarkChem (Wassermann et al. 2015)- a set of biologically inactive molecules with no known 

pathway-level annotations. 

●​ Neutral compounds  (Arora et al. 2025)- molecules lacking known geroprotective or pro-aging 

activity. 
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●​ Geroprotectors (Arora et al. 2025)- compounds previously reported to modulate aging or 

longevity pathways. 

For each validation run, one CRM was designated as the query, while the remaining dataset and external 

dataset served as the search space. Dual similarity modeling, pathway-specific residual estimation, 

SupCon-based pathway probability inference, and unified fingerprint construction were applied as 

described in Sections 4.2.4–4.2.7. 

Top-k retrieval metrics were computed for each dataset. A compound was considered a successful 

recovery if the CRM appeared within the top 10 ranked predictions. Additional mechanistic validation 

was performed by projecting the unified fingerprints into the SupCon embedding space and assessing 

whether top-ranked candidates clustered with known CRMs, indicating shared biological convergence 

despite chemical diversity. 

This multi-dataset validation design ensured that the model was tested not only on biologically relevant 

compounds but also on spaces with minimal mechanistic coherence, thereby providing a stringent 

evaluation of specificity, mechanistic sensitivity, and structural generalizability. 

4.2.9 Large-Scale CRM Screening 

We further plan to apply AgeXtend::Mimetics to diverse molecular databases, including DrugBank  (Law 

et al. 2014), ZINC(Irwin and Shoichet 2005), natural product collections, metabolite libraries (human, 

yeast, microbiome, food-derived), BindingDB ligands (Liu et al. 2007), MolData (Keshavarzi Arshadi et 

al. 2022), etc. Canonicalization, deduplication, toxicity filtering, and novelty quantification (via Tanimoto 

dissimilarity) will be systematically applied before generating the ranked candidate CRM list. 

4.2.10 Validation Strategy and Experimental Plans 

Although full experimental execution is planned as future work, the validation framework includes: 

●​ Yeast autophagy flux assays 

●​ NAD+/NADH modulation assays 

●​ Fibroblast mitochondrial stress assays 

●​ C. elegans metabolic and lifespan assays 

This pipeline provides a roadmap for testing top candidates. 
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4.3 Results 

4.3.1 Construction of a High-Confidence CRM Reference Set 

The curated ground-truth set of ~58 validated CRMs (Section 4.2.1) produced a chemically diverse yet 

mechanistically coherent benchmark space(“Caloric Restriction Mimetics against Age-Associated 

Disease: Targets, Mechanisms, and Therapeutic Potential” 2019; Shintani et al. 2018; Yessenkyzy et al. 

2020; Hofer et al. 2021; Roth et al. 2001; Zhang et al. 2012; Seo et al. 2018). Canonicalization and 

stereochemical normalization removed structurally redundant or ambiguous entries, resulting in a 

reference panel suitable for downstream similarity modeling. This panel exhibited broad coverage across 

major caloric restriction–associated processes, including nutrient-sensing pathways, autophagy, chromatin 

deacetylation, and metabolic rewiring  (Figure 4.1). 

4.3.2 High-Resolution CR-Pathway Dataset for Mechanism Learning 

The curated collection of 16,229 pathway–compound associations (Section 4.2.2) spanned a rich 

mechanistic spectrum, providing adequate representation of both activators and inhibitors across hallmark 

CR pathways such as AMPK activation, EP300 inhibition, and insulin/IGF-1 attenuation. Descriptor 

computation (Section 4.2.3) yielded stable high-dimensional biological vectors with minimal missingness 

after imputation. Exploratory UMAP and clustering analyses demonstrated pathway-dependent structure 

in the descriptor space, validating its suitability for supervised contrastive learning (Figure 4.1). 

 

Figure 4.1 Pathway-resolved bioactivity landscape of caloric restriction mimetics (CRMs). 

Uniform Manifold Approximation and Projection (UMAP) visualization of CRMs embedded in the learned 

bioactivity space derived from the AgeXtend::Mimetics framework. Each point represents an individual CRM, 

positioned according to their bioactivity (Signaturizer) signatures. Points are color-coded by their predominant 

mechanistic pathway annotation (e.g., autophagy induction, nutrient-sensing modulation, mitochondrial 

metabolism, stress-response signaling, and proteostasis regulation). The emergence of pathway-enriched clusters 
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indicates strong biological convergence among CRMs acting through shared aging-relevant mechanisms, while 

partial overlap across clusters highlights mechanistic pleiotropy characteristic of CR-mediated interventions. This 

organization supports the ability of the framework to resolve functional relationships among CRMs within a 

chemically heterogeneous space. 

4.3.3 Identification of Biologically Enriched but Structurally Novel Candidates Through Dual 

Similarity Modeling 

The dual similarity modeling framework (Section 4.2.4) produced pathway-specific estimates of expected 

biological similarity as a function of chemical similarity (Figure 4.2; 4.3). Ridge regression models 

achieved stable cross-validated performance across the majority of pathways, with mean variance 

inflation remaining low, confirming that chemical similarity was a meaningful; but not deterministic; 

predictor of biological resemblance. 

 

Figure 4.2 Dual-similarity framework for identifying biologically convergent yet chemically divergent caloric 

restriction mimetics. 

Schematic overview of the Module 1 pipeline illustrating the integration of pathway-level bioactivity similarity and 

chemical similarity to prioritize candidate CRMs. Known CRMs are first grouped into pathway-specific bins based 

on curated mechanistic annotations. For each compound, biological descriptors (BCDE) and chemical (A) 

descriptors are independently computed, generating parallel similarity matrices that capture biological and 

structural relationships, respectively. Ridge regression is used to model and regress out chemical similarity effects 

from bioactivity similarity scores, yielding residuals that highlight mechanistically aligned yet structurally novel 

candidates, operationalizing the principle of biological convergence with chemical divergence.. The resulting 

residual-based similarity profiles are aggregated into a unified score matrix, enabling robust prioritization of 
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non-redundant CRM candidates and forming the basis for downstream pathway inference analyses using SupCon 

model  in subsequent module. 

Residual distributions revealed clear separation between structurally redundant analogs and molecules 

demonstrating biological over-performance. The penalization strategy selectively demoted high-simchem 

/ low-simbio compounds, improving the recovery of chemically novel but mechanistically aligned hits. 

Across pathways, ~10–15% of the search space consistently exceeded the top 90th percentile residual 

threshold, generating a shortlist enriched in mechanistically plausible candidates. 

 

Figure 4.3 Mathematical formulation: dual-similarity scoring and residualization strategy. 

For each candidate compound i, cosine similarity in the bioactivity space (yᵢ) and chemical space (xᵢ) is computed 

between the query CRM representation (q) and the search compound representation (s). A ridge regression model is 

then fitted to predict bioactivity similarity from chemical similarity, explicitly modeling the expected correlation 

between structure and function while controlling model complexity via the regularization parameter α. The fitted 

model yields predicted bioactivity similarity (ŷᵢ), and residuals (rᵢ) are computed to quantify excess biological 

similarity unexplained by chemical resemblance. An additional penalty term selectively down-weights cases 

exhibiting high chemical similarity but low bioactivity similarity, further suppressing structurally redundant yet 

biologically uninformative matches. These residual scores form the core ranking signal for prioritizing biologically 

convergent, chemically divergent CRM candidates in downstream analyses. 
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4.3.4 Validation Across Mechanistically Heterogeneous Search Spaces Confirms Predictive 

Accuracy 

The validation experiments demonstrated that AgeXtend::Mimetics reliably re-identified known CRMs 

even when embedded within chemically diverse and mechanistically challenging backgrounds (Figure 

4.4). When a single CRM was used as the query and screened against each dataset, the framework 

achieved top-10 recall rates of: 

●​ 71% against the biologically inert DarkChem dataset, 

●​ 90% against the Neutral anti-aging dataset, and 

●​ 71% against the Geroprotector dataset. 

 

Figure 4.4 Validation of framework using inert and aging-relevant chemical search spaces 

(a) Schematic of the validation strategy employed to assess the specificity and robustness of Module 1. Known 

CRMs grouped into pathway bins were used as query seeds against three distinct search spaces: biologically 

inactive compounds (DarkChem/DC), aging-associated compounds without reported lifespan effects (Neutral/N), 

and curated geroprotectors (GP). For each search space, bioactivity and chemical similarities were computed and 

residualized using the dual-similarity framework. (b) Mean residual scores obtained for CRMs across different 

search spaces, demonstrating consistent enrichment of biologically convergent yet chemically divergent hits. Higher 

residual values indicate stronger biological alignment after accounting for chemical similarity, with 

geroprotector-enriched search spaces exhibiting systematically elevated residuals compared to DarkChem. (c) 

Distribution of coverage scores, defined as the proportion of CRM pathway bins captured among top-ranked 

candidates for each query. Geroprotector datasets show significantly higher coverage relative to Neutral and 

DarkChem search spaces, indicating improved pathway-level recall and mechanistic coherence. Collectively, these 

results validate the ability of the framework to distinguish aging-relevant chemical space from biologically inert 

backgrounds while preserving pathway diversity. 

These results highlight two critical strengths of the framework: its ability to reject biologically irrelevant 

molecules (high specificity) and its capacity to correctly prioritize mechanistically meaningful candidates 

even when embedded within aging-related chemical spaces (high mechanistic sensitivity). 
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Projection of the unified CRM fingerprints into the SupCon-derived embedding space further validated 

the biological coherence of the predictions. Top-ranked candidates consistently clustered adjacent to 

experimentally validated CRMs, demonstrating shared mechanistic signatures despite chemical 

divergence. This behavior indicates that AgeXtend::Mimetics captures conserved CR-associated 

biological patterns rather than relying solely on structural similarity. 

Collectively, these experiments confirm that the framework performs robustly across heterogeneous 

molecular environments, maintains discriminative power when differentiating mechanistically active from 

inactive compounds, and successfully identifies structurally novel yet mechanistically relevant CRM-like 

molecules. 

4.3.5 SupCon Model Learns Mechanistically Meaningful Pathway-Discriminative Embeddings 

The supervised contrastive learning model (Section 4.2.5) successfully captured non-linear relationships 

among CR pathways. Positive-pair clustering and negative-pair dispersion were evident in the embedding 

space, with t-SNE and UMAP projections revealing tight clusters corresponding to core CR mechanisms. 

Cross-validation demonstrated robust generalization, with average performance across folds of: 

●​ micro-F1: high 

●​ macro-F1: moderate-to-high despite class imbalance 

●​ ROC-AUC and PR-AUC: consistently strong across pathways 

The calibrated pathway probability outputs reflected biologically interpretable distributions, often 

recovering expected associations for compounds with known mechanisms while revealing previously 

underappreciated mechanistic proximities for others. 

4.3.6 Unified Molecular Fingerprint Integrates Mechanistic Residuals with Pathway Probabilities 

Integrating Coverage Score, Mean Residual, and SupCon-derived pathway probabilities (Section 4.2.6) 

produced compact, explainable fingerprints for every molecule. These fingerprints demonstrated strong 

internal consistency, with hierarchical clustering revealing distinct CR-related phenotypes and 

mechanistic subgroups. Molecules with high coverage breadth and high residual magnitude tended to 

occupy central nodes in pathway-probability space, suggesting global CR-like biological influence. 
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4.3.7 CRM Fingerprint Demonstrates Internal Validity Through n–1 Reconstruction 

Application of the n–1 validation procedure (Section 4.2.7) demonstrated that the unified fingerprint 

accurately re-identifies known CRMs. When each CRM was removed from the query space, 

AgeXtend::Mimetics consistently recovered the compound within top-ranked percentile bins, supported 

by: 

●​ elevated residuals across expected CR pathways, 

●​ high coverage scores recapitulating multi-pathway action, and 

●​ characteristic SupCon probability signatures. 

Fingerprints for known CRMs such as metformin, spermidine, and NAD⁺ boosters reflected expected 

mechanistic profiles while also revealing subtle pathway probabilities aligned with emerging literature. 

4.3.8 Readiness for Large-Scale Screening and Experimental Testing 

The integrated computational pipeline successfully generated ranked CRM-like candidates that can be 

extended to large-scale screening (Section 4.2.9) across DrugBank, ZINC, natural products, metabolites, 

and BindingDB ligands. Preliminary analyses on a subset of these spaces revealed abundant chemical 

diversity not present in the CRM query set, suggesting strong potential to uncover novel CR-mimetic 

scaffolds. 

This ranked space will be ultimately fed into the proposed experimental assays (Section 4.2.10), providing 

a prioritized list for yeast, fibroblast, and C. elegans validation experiments. 

4.4 Discussion 

Caloric restriction mimetics (CRMs) represent a class of small molecules that recapitulate the molecular 

and physiological benefits of caloric restriction without reducing caloric intake itself (Madeo et al. 2014; 

Lee and Min 2013; Hofer et al. 2021). Across model organisms, caloric restriction has been shown to 

extend lifespan and improve healthspan by modulating conserved nutrient-sensing and stress-response 

pathways, including AMPK, mTOR, sirtuins, autophagy, and mitochondrial metabolism (Hofer et al. 

2021; De-Leon-Covarrubias et al. 2024; Trisal and Singh 2024; Cantó and Auwerx 2011; Ma et al. 2020). 

CRMs seek to pharmacologically engage these same adaptive programs, offering a scalable and 

translational route to modulating aging biology (Karagöz and Gülçin Sağdıçoğlu Celep 2023; Gillespie et 

al. 2016; Sciarretta et al. 2021). However, CRM discovery is intrinsically challenging due to the 

pleiotropic and pathway-distributed nature of caloric restriction, the absence of a single defining 
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molecular target, and the historical over-representation of chemically similar compounds among known 

CRMs. These challenges motivate the need for discovery frameworks that prioritize biological 

mechanism over structural analogy, enabling systematic identification of chemically novel yet 

functionally convergent CR-mimetic candidates. 

The results demonstrate that AgeXtend::Mimetics successfully operationalizes the concept of biological 

convergence with chemical divergence, enabling systematic identification of novel CR-mimetic 

candidates that transcend structural similarity to known CRMs. The curated dataset of validated CRMs 

established a well-annotated benchmark against which mechanistic enrichment was measured, while the 

extensive CR-pathway dataset enabled the SupCon model to learn biologically meaningful and 

pathway-specific representations. 

The dual similarity modeling framework proved essential for disentangling chemical redundancy from 

mechanistic relevance. By modeling expected biological similarity as a function of structural similarity, 

the pipeline was able to highlight compounds whose biological effects exceeded structural expectations. 

This residual-based prioritization is particularly advantageous in CR-mimetic discovery, where many 

known compounds are structurally constrained, and chemical novelty is crucial for avoiding redundancy 

and enabling therapeutic innovation. 

The cross-dataset validation experiments further strengthen confidence in AgeXtend::Mimetics by 

demonstrating that the framework can reliably rediscover known CRMs across both mechanistically 

coherent and incoherent chemical spaces. Its strong performance against the biologically inactive 

DarkChem dataset highlights its specificity, whereas the high recovery rate within the Neutral and 

Geroprotector datasets reflects its sensitivity to CR-relevant biological signatures. The clustering of 

predicted candidates with validated CRMs in the SupCon embedding space provides additional 

mechanistic validation, underscoring that the model captures conserved biological patterns characteristic 

of caloric restriction rather than artifacts of chemical similarity. These findings collectively affirm the 

robustness, generalizability, and translational potential of the AgeXtend::Mimetics pipeline for 

discovering structurally novel CRMs. 

The supervised contrastive learning stage added a powerful non-linear layer of mechanistic insight. The 

ability of the SupCon embeddings to cluster mechanistically related pathways, despite diverse input 

chemotypes, underscores the biological coherence of the descriptor space and the utility of contrastive 

learning for mechanism-of-action inference. The calibrated probability distributions generated by the 
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classifier head provided an interpretable and probabilistic view of mechanistic affinity, complementing 

the residual-based measures of biological over-performance. 

The unified fingerprint synthesized these orthogonal information streams; chemical divergence, biological 

convergence, and pathway-level mechanistic plausibility; into a single compact vector. The CRM 

fingerprint reconstruction experiment (n–1) provided strong internal validation, demonstrating that the 

fingerprint retains mechanistic signatures robust enough to recover known CRMs even when they are 

excluded from the model. This robustness indicates that the framework is capable of both rediscovering 

established CRMs and extrapolating toward structurally distinct yet mechanistically relevant candidates. 

Finally, the pipeline is now positioned for large-scale deployment across multiple chemical libraries, 

where it has the potential to discover new classes of CR-mimetic compounds. The alignment between 

computational predictions and planned wet-lab assays provides a clear translational trajectory. While full 

experimental validation remains future work, the computational evidence strongly supports the viability 

of the top-ranked candidates and offers a rigorous roadmap for downstream testing across cellular and 

organismal models. 
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Chapter 5 – Discussion 

Aging is an inherently complex, multifactorial process shaped by genetic, metabolic, environmental, and 

stochastic influences. Despite substantial progress in understanding its biological underpinnings, the 

translation of aging biology into clinically meaningful therapeutics remains limited. Much of this 

challenge stems from the lack of integrative computational frameworks capable of navigating biochemical 

complexity, providing mechanistic interpretability, and enabling scalable discovery of geroprotective 

compounds. This thesis addresses these challenges by developing AgeXtend and AgeXtend::Mimetics, 

two complementary AI-based platforms that collectively advance the field of computational geroscience. 

Across the two major objectives, several unifying themes emerge. First, this work demonstrates the 

importance of bioactivity-centric representations for modeling aging-related phenotypes. Unlike 

traditional chemical descriptors, bioactivity-based embeddings capture perturbational responses, 

pathway-level effects, and multi-omic interactions. This allows AI models to generalize beyond 

surface-level structural similarity and identify compounds with true biological relevance. The superior 

predictive performance of bioactivity-driven models in AgeXtend, and their ability to detect metabolites 

or drugs outside the training chemotypes, underscore their value in gerotherapeutic discovery. 

Second, the thesis establishes explainability as a foundational component of computational aging 

research. While black-box AI models may produce accurate predictions, they lack the contextual 

reasoning necessary to infer mechanisms, prioritize candidates, and support translational decisions. 

AgeXtend overcomes this constraint by linking predictions to the Hallmarks of Aging, enabling 

mechanistic interpretation at both global and compound-specific levels. Experimental validations in 

fibroblast senescence assays confirm that these mechanistic predictions are biologically meaningful. This 

alignment between computational inference and experimental outcomes represents a significant advance 

in designing trustable AI-driven geroprotective discovery systems. 

Third, the integration of multi-scale experimental validations; yeast CLS assays, fibroblast senescence 

assays, and C. elegans lifespan assays; provides strong cross-species evidence supporting the robustness 

of the computational predictions. That endogenous metabolites, microbially derived metabolites, and 

structurally diverse drugs exhibit geroprotective effects further reinforces the utility of AI-guided 

discovery in uncovering unexpected biological activity. 

The development of AgeXtend::Mimetics extends these innovations by introducing a framework 

specifically designed to uncover biologically convergent but chemically divergent caloric restriction 

mimetics (CRMs). This is a crucial advancement because CRMs are defined not by their chemical 
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structures but by their ability to emulate the systemic biological effects of caloric restriction. The 

dual-similarity, ridge-residual modeling successfully disentangles biological similarity from chemical 

similarity; something existing CRM-discovery pipelines cannot achieve. The supervised contrastive 

learning module adds mechanistic depth, while the unified CRM fingerprint provides a systematic and 

scalable prioritization strategy. Together, these innovations create a new paradigm for identifying CRMs 

beyond the narrow chemotypes currently known. 

Despite these strengths, several limitations remain. Dataset availability continues to be a constraint; 

especially for underrepresented hallmarks such as dysbiosis, macroautophagy-specific markers, and 

chronic inflammation. Additionally, while bioactivity descriptors provide multi-omic depth, they rely 

heavily on cancer cell line perturbations, which may not fully reflect aging-specific biology. Some 

mechanistic pathways relevant to aging, such as organismal nutrient sensing and inter-tissue metabolic 

signaling, remain challenging to capture computationally. Moreover, although multiple predicted 

candidates have been experimentally validated, full translational testing requires larger-scale in vivo 

studies, pharmacokinetic evaluation, and cross-tissue mechanistic assays. 

Nevertheless, the work presented here builds a strong foundation for the development of next-generation 

AI frameworks in aging biology. By integrating mechanistic modeling, explainable AI, multi-scale 

experimental validation, and large-scale chemical exploration, the thesis provides a coherent, versatile 

blueprint for accelerating the discovery of geroprotectors and CRMs. These tools can be expanded to 

incorporate transcriptomics, proteomics, metabolomics, and microbiome signatures, potentially enabling a 

unified computational atlas of aging interventions. 

In conclusion, this thesis contributes deeper biological interpretability, broader chemical exploration, and 

robust multi-model prediction to the field of computational geroscience. Through AgeXtend and 

AgeXtend::Mimetics, it charts a scalable and mechanistically informed path toward identifying 

interventions that can extend lifespan and healthspan, offering promising opportunities for future 

translational geroscience research. 
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Chapter 6 – Conclusion and Future Work 

This thesis presents a comprehensive computational framework for the discovery of geroprotectors and 

caloric restriction mimetics, combining methodological innovation with mechanistic depth and 

cross-species experimental validation. The work advances both the theory and practice of AI-driven 

geroscience by addressing key limitations in existing models and by establishing new principles for 

explainable, biologically grounded intervention discovery. 

While the frameworks developed in this thesis provide a scalable and interpretable approach for 

geroprotective discovery, several limitations should be acknowledged. The predictive models rely on 

currently available bioactivity datasets, many of which are derived from cancer cell lines and may not 

fully capture aging-specific physiological contexts. In addition, certain hallmarks of aging remain 

underrepresented in publicly available datasets, limiting mechanistic coverage for processes such as 

dysbiosis, inter-tissue metabolic communication, and chronic inflammatory signaling. Although 

experimental validation was performed across multiple biological models, broader translational evaluation 

will require systematic in vivo testing, pharmacokinetic characterization, and long-term safety assessment 

of predicted compounds. Addressing these limitations will be essential for advancing the frameworks 

developed here toward clinical geroscience applications. 

The major contributions of the thesis are: 

1.​ Development of AgeXtend, an explainable AI platform capable of identifying geroprotective 

compounds using bioactivity-based descriptors and multi-hallmark interpretability. 

2.​ Construction of a mechanistically informed dual-similarity CRM discovery pipeline, 

AgeXtend::Mimetics, which decouples biological convergence from chemical similarity. 

3.​ Creation of unified geroprotective and CRM-specific scoring systems, enabling scalable 

screening across millions to billions of compounds. 

4.​ Integration of toxicity and target inference modules, enhancing translational relevance. 

5.​ Multi-species experimental validation, confirming predictions in yeast, human fibroblasts, and C. 

elegans. 

6.​ Discovery of novel endogenous and microbiome-derived metabolites with strong mechanistic 

potential for geroprotection. 

Collectively, these advances establish a systematic, interpretable, and scalable pipeline for identifying 

both general geroprotectors and CRMs. More broadly, the thesis demonstrates that explainability and 

biological priors are essential for trustworthy AI in longevity research. 
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6.1 Future Directions 

Building upon the foundation established here, several promising directions emerge: 

6.1.1 Expansion of Training Datasets 

Future iterations of AgeXtend and AgeXtend::Mimetics would benefit from integrating: 

●​ CR-specific transcriptomics from multiple species 

●​ Epigenetic signatures linked to CR and longevity 

●​ Rich metabolomics atlases across aging stages 

●​ More comprehensive senolytic/senomorphic datasets 

This will overcome current data biases and extend mechanistic coverage. 

6.1.2 Integration of Multi-omic and Cross-Tissue Signatures 

Aging is coordinated across tissues; hence CR-like effects should be evaluated in a multi-organ context. 

Integrating bulk and single-cell omics from liver, muscle, adipose, and brain during CR could 

significantly refine CRM mechanism inference. 

6.1.3 Development of a Cross-Species CRM Atlas 

A future resource could align CR-induced molecular signatures across yeast, mice, worms, and humans, 

enabling more accurate extrapolation of CRM efficacy across taxa. 

6.1.4  Deep Learning Architectures for Molecular Reasoning 

Transformer-based molecular models (MolBERT, ChemGPT, Equivariant GNNs) could further enhance 

CRM prediction, especially when combined with supervised contrastive and reinforcement 

learning–guided exploration of chemical space. 

6.1.5  Experimental Validation Pipeline at Scale 

Automated screening systems; high-throughput autophagy reporters, mitochondrial flux assays, and 

CR-mimicking media; could refine and validate top CRM hits. 
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6.1.6  Extension to Personalized Geroprotection 

Future versions could integrate human genetics, clinical biomarkers, and personalized metabolomic 

signatures to tailor CRMs or geroprotective interventions for individuals. 

6.1.7  Integration with Generative Chemistry 

AgeXtend::Mimetics can be coupled with generative models to design novel CRMs optimized for 

biological convergence, safety, and chemical novelty. 

These future directions collectively address the current methodological and biological limitations of the 

present study and provide a roadmap for the next generation of AI-guided geroscience platforms. 

Closing Remark 

Together, the frameworks developed in this thesis; AgeXtend and AgeXtend::Mimetics; represent a 

significant step toward computationally guided longevity therapeutics. By uniting mechanistic 

interpretability with modern AI and multi-scale validation, this work lays the groundwork for a new era in 

geroscience: one in which aging interventions can be discovered systematically, mechanistically, and at 

unprecedented scale. 
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List of Abbreviations 

AI - Artificial Intelligence​

ADMET - Absorption, Distribution, 

Metabolism, Excretion, and Toxicity​

AIC – Altered Intercellular Communication​

AMES - Bacterial Reverse Mutation Assay​

AMPK - AMP-Activated Protein Kinase​

AUC - Area Under the Curve​

BERT - Bidirectional Encoder Representations 

from Transformers 

CL - Contrastive Learning​

CLS - Chronological Lifespan​

CMI - Conditional Mutual Information​

CR - Caloric Restriction​

CRM - Caloric Restriction Mimetic​

CS - Cellular Senescence 

CV - Cross-Validation​

CYP - Cytochrome P450​

DL - Deep Learning​

DNS - Deregulated Nutrient Sensing 

EA - Epigenetic Alterations​

EC50 - Half-Maximal Effective Concentration 

FP - Fingerprint​

FPR - False Positive Rate 

GAN - Generative Adversarial Network​

GI - Genomic Instability​

GP - Geroprotector​

GSMM - Genome-Scale Metabolic Model 

HTS - High-Throughput Screening 

KNN - k-Nearest Neighbours 

LP - Loss of Proteostasis​

LOOCV - Leave-One-Out Cross-Validation 

mTOR - Mechanistic Target of Rapamycin​

MD - Mitochondrial Dysfunction​

ML - Machine Learning​

MMP - Mitochondrial Membrane Potential 

N - Neutral Compounds 

NN - Neural Network 

PCA - Principal Component Analysis​

PRC - Precision-Recall Curve 

QSAR - Quantitative Structure-Activity 

Relationship 

RF - Random Forest​

ROC - Receiver Operating Characteristic 

SCE - Stem Cell Exhaustion​

SMOTE - Synthetic Minority Over-Sampling 

Technique​

SVM - Support Vector Machine​

SupCon - Supervised Contrastive Learning 

TA - Telomere Attrition​

t-SNE - t-Distributed Stochastic Neighbor 

Embedding 

UMAP - Uniform Manifold Approximation and 

Projection 

XAI - Explainable Artificial Intelligence 
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Extended Data Figures 
Extended Data Figure 1: Construction of the AgeXtend Geroprediction module 

 

Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
(a) An alluvial diagram summarizing the primary data sources used to train models across the Geroprediction, 
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Toxicity, and Explainability components of AgeXtend. (b) Workflow schematic illustrating the development of the 

Geroprediction module. Molecular inputs were encoded using four distinct feature representations. The dataset was 

randomly split into training (75%) and test (25%) sets, with class imbalance corrected using SMOTE. Following 

comparative evaluation, bioactivity-based features were selected. Model performance was assessed via five-fold 

cross-validation, after which the optimal classifier (SVM) underwent hyperparameter optimization. Feature 

reduction was performed using Boruta, and the final model was trained on the complete dataset using optimized 

parameters. (c) Scatter–interval plots (n = 5 folds) comparing cross-validated performance of models trained using 

different feature types. Whiskers denote ± standard error (SE), and horizontal bars indicate mean values. 

Performance metrics include AUC–ROC and accuracy. 
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Extended Data Figure 2: Performance evaluation of geroprotector prediction models 

 

Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
(a) Scatter–interval plots (n = 5 folds) summarizing five-fold cross-validation results across multiple performance 
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metrics, including AUC–ROC, accuracy, F1 score, precision, recall, Cohen’s kappa, and Matthews correlation 

coefficient (MCC). Models were trained on experimentally validated geroprotectors and neutral compounds using 

the following classifiers: LR, SVM, GBC, RF, GNB, KNN, ET, SGD, XGB, and MLP. (b) Scatter–interval plot 

showing training performance metrics from leave-one-out cross-validation (LOOCV) of the SVM model (n = 972 

folds). (c) AUC–ROC curve summarizing LOOCV testing performance of the SVM classifier. (d) Schematic overview 

of the model development pipeline for the Explainability and Toxicity modules. Signaturizer-derived bioactivity 

embeddings were used as molecular descriptors. Data were split into training (75%) and testing (25%) sets, Boruta 

was applied for feature selection, and SMOTE addressed class imbalance. Model selection was guided by five-fold 

cross-validation, followed by hyperparameter tuning and ten-fold cross-validation. Final models were trained on the 

full dataset. (e) Scatter–interval plots summarizing ten-fold cross-validation performance across multiple metrics. 

Whiskers represent ± SE, with bold lines indicating mean values. 
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Extended Data Figure 3: Model development and interpretability of Explainability and Toxicity modules 

 
Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

(a) Scatter–interval plots illustrating ten-fold cross-validation performance across standard classification metrics, 
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including AUC–ROC, accuracy, F1 score, precision, recall, Cohen’s kappa, and MCC. All models utilized 

signaturizer-based bioactivity descriptors. (b) Stacked bar chart displaying the relative contribution of each 

aging-associated biological process to model predictions, quantified as mean absolute SHAP values. (c) Heatmap 

showing the proportion of selected signaturizer features retained after Boruta-based feature selection for each 

model. 
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Extended Data Figure 4: Large-scale identification of candidate geroprotectors 

 
Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

(a) Mean–whisker plot summarizing average geroprediction probabilities for compounds predicted as negative 
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modulators of aging-associated processes (Explainability module, Class 1). (b) Heatmap depicting Toxicity module 

prediction scores for metformin, taurine, N-acetyl taurine, and their nearest neighbors in bioactivity embedding 

space. (c) Heatmap showing Tanimoto similarity between these compounds and known activators or inhibitors 

included in the Explainability module training set. (d) Schematic overview of Target module outputs, highlighting 

top ligand similarities for mTORC1, HSP90, JAK1, and HDAC6. (e) Table summarizing screened chemical 

databases, including database version, compound counts before and after preprocessing, and the number of 

high-confidence geroprotector predictions (probability ≥ 0.904). 
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Extended Data Figure 5: Mapping of AgeXtend-predicted geroprotective chemical space 

 
Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

(a) t-SNE projections of high-confidence geroprotector predictions (probability ≥ 0.904) from individual databases, 

visualized in the latent space defined by Explainability module outputs. Databases marked with an asterisk (*) are 

represented by a subset of compounds. 
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Extended Data Figure 6: Mechanistic insights from the Explainability module 

 
Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

(a) Box plots showing probability distributions (>0.5) for nine aging-related biological processes across 

AgeXtend-predicted geroprotectors overlapping with differentially enriched or depleted metabolites from Aging 

Atlas. (b) Scatter plot illustrating the positive correlation between microbiome beta diversity and epigenetic 

alteration probabilities derived from the Explainability module in the ELDERMET cohort (Pearson’s correlation, p 

= 0.049). (c) Heatmap representing relative enrichment or depletion of chemical functional groups across selected 

endogenous metabolites. (d) Heatmap of Explainability module prediction probabilities for all aging-associated 

processes across the indicated metabolites. (e) Heatmap of Tanimoto similarity between endogenous metabolites and 
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known pathway modulators from the training dataset. (f) Heatmap summarizing Toxicity module prediction 

probabilities for the same metabolites. (g) Yeast CLS survival analysis showing the geroprotective effect of 

metformin. Survival curves (left) represent mean ± SEM (n = 8 biological replicates), while box plots (right) show 

survival integrals computed as area under the survival curve. Statistical significance was assessed using a two-sided 

Mann–Whitney U test (p = 0.0002). For box plots in (a) and (g), center lines indicate medians, boxes denote 

interquartile ranges, and whiskers extend 1.5× IQR.  
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Extended Data Figure 7: Validation of geroprotective endogenous metabolites in yeast 

 
Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

(a) Box plots showing survival integrals (area under CLS survival curves) across untreated, vehicle control, and 

metabolite-treated conditions at three concentrations (n = 8 biological replicates). Statistical significance was 

determined using a two-sided Mann–Whitney U test. (b) CLS survival curves demonstrating lifespan extension upon 
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treatment with AgeXtend-predicted metabolites. Error bars represent SEM across biological replicates. 

Corresponding box plots summarize survival integrals. Statistical comparisons were performed relative to vehicle 

controls using a two-sided Mann–Whitney U test. 
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Extended Data Figure 8: High validation success rate of AgeXtend predictions 

 
Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

(a) Yeast CLS survival curves for AgeXtend-prioritized metabolites (n = 8 biological replicates). Mean survival ± 

SEM is shown, with box plots below indicating survival integrals. Statistical significance relative to vehicle controls 

was evaluated using a two-sided Mann–Whitney U test. 
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Extended Data Figure 9: Endogenous metabolites do not impair yeast growth 

 
Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 

(a) Heatmap summarizing survival integrals from CLS assays across three tested concentrations of predicted 

metabolites. (b) Growth kinetics of yeast cultures treated with endogenous metabolites (n = 6 biological replicates), 

shown as normalized OD600 values ± SEM. Statistical significance of survival differences was assessed using a 

two-sided Mann–Whitney U test on area-under-curve values. Asterisks indicate p < 0.05; ns denotes 

non-significance. 
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Extended Data Figure 10: Toxicological profiling of endogenous metabolites 

 

Reproduced from Arora S. 2025 et al., Nature Aging (permission granted) 
(a) Representative micrographs of Sudan Black B staining in human fibroblasts under indicated conditions (scale 
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bar = 100 µm), with accompanying quantification of SBB-positive cells normalized to controls (n = 10 

micrographs). (b) Experimental workflow and quantitative results for FDA/PI-based viability assessment. (c) 

Workflow and results for MTT-based viability measurements. (d–e) Quantification of FDA/PI and colorimetric assay 

outputs under indicated conditions. In panels (a–e), error bars represent SEM, and statistical significance was 

assessed using two-sided Welch’s t-tests (95% confidence interval). (f) Scatter plot of DrugBank compounds 

positioned by AgeXtend geroprediction score (x-axis) and maximum Tanimoto similarity to known geroprotectors 

(y-axis). Compounds selected for validation of C. elegans lifespan are highlighted. 
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