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SUMMARY 
Centenarians represent a human model of resilience to age-related decline, yet 

resiliency mechanisms remain elusive. Here, we establish an induced pluripotent stem 

cell (iPSC)-based platform to interrogate resilience signatures in centenarians. IPSC-

derived neurons from centenarians exhibit transcriptional programs promoting synaptic 

integrity, calcium homeostasis, and cholesterol biosynthesis, while suppressing 

proteostatic stress pathways. Functionally, these neurons maintain stable calcium 

dynamics, reduced baseline mitochondrial activity, and energy-efficient homeostasis. 

Upon challenge, centenarian-derived neurons mount a robust stress response, in contrast 

to attenuated responses in non-centenarian controls. This resilience signature parallels 

adaptations in long-lived mammals and aligns with healthy brain aging, while showing 

erosion in Alzheimer’s disease and cancer. Our platform provides a scalable human 

model for dissecting resilience biology offering a framework to extend healthspan and 

mitigate age-related decline.  
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Main Text:  
 
INTRODUCTION 

The human population has been steadily growing, reaching an estimated 8.2 billion 

people as of 2024(1). In the United States, the increase in individuals over 70 years of 

age has outpaced that of those under 70 since 1950(2). More simply put, the human 

population is growing disproportionately older. This trend has put a significant financial 

and logistic burden on the healthcare system to treat an aging population, as age is the 

main risk factor for many chronic diseases like Alzheimer’s disease (AD), cerebrovascular  

and cardiovascular disease(3, 4). Understanding the factors and mechanisms that 

promote healthy aging is critical if we are to develop therapies and strategies that 

effectively compress morbidity and disability towards the very end of longer and healthier 

lifespans.    

Throughout life, humans are constantly exposed to varying forms of insult, such as 

infection or stress. “Resilience” is our ability to respond to these insults, mount an effective 

cellular response, and restore normal physiological function(5, 6). However, resiliency 

declines with age, hindering the ability to restore healthy function after insult. Along these 

lines, molecular entropy increases with age and is implicated in the onset of many 
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hallmarks of aging and related disease(7, 8). A potential underlying cause of aging-

associated decline in resilience is entropy(9). For example, increased entropy at the level 

of DNA methylation predicts mortality in BXD mice(10). This often coincides with an 

increase in frailty, or loss of functional capacity, and onset of disability and chronic 

disease. Frailty can be identified by functional deficits such as muscle loss or fatigue(11), 

and chronic diseases are diagnosable with known symptomology and clinical 

biomarkers(12–14). Just as molecular mechanisms may drive disease and disarray, we 

hypothesize that understanding and identifying the underpinnings of resilience against or 

resistance to decline may allow for the delay or prevention of frailty and chronic disease. 

Moreover, these resiliency mechanisms would provide promising targets for therapeutics 

that may slow or reverse aging. 

Centenarians, those who live over 100 years, are natural human models of 

extended healthspan, or the years of life lived without disability, disease, or cognitive 

impairment(15). Centenarians display resilience or resistance to heart disease, cancer, 

Alzheimer’s disease and related disorders (ADRD)(16–20)  and the ability to compress 

morbidity(21) much later into life than the typical ager (18–20, 22–24). Interestingly, many 

centenarians and their offspring display significantly lower biological age compared to 

their chronological age using molecular aging clocks thus suggesting the existence of 

molecular drivers of healthful aging and longevity(25, 26). Previous work by our group 

and others has characterized the centenarian immune system and shown a unique 

maintenance of immune functionality and enrichment for longevity-associated factors 

even after a history of exposure to insult(27, 28). Given this, we believe that EL subjects 

provide the blueprint for understanding how to improve functionality and cellular 

performance, ultimately delaying or eliminating aging-related functional decline and 

disease. 

 Induced pluripotent stem cells (iPSCs) have emerged as a powerful model system 

that act as a renewable source of biomaterial for the modeling of complex diseases and 

the preclinical screening of therapeutics(29, 30). We have generated a first-of-its-kind 

bank of iPSCs from EL subjects to fuel the modeling of resiliency (Dowrey et al. 2024). 

These cell lines capture the genetics of EL subjects which allows for the investigation of 

the documented heritability of EL(31–33) as well as specific longevity-associated gene 

variants and genetic signatures (34–39). Importantly, iPSC-based models have been 

applied to study diseases of aging which take decades to manifest, such as 

neurodegenerative disease(40–45) and amyloid disease(46–48). Here, we present a 

novel iPSC-based model of resiliency in which cell types of aging-related interest, such 
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as forebrain neurons, are generated from EL and non-EL subjects to identify the 

molecular and functional signatures of exceptional brain aging and perhaps more 

generally, exceptional longevity. We discovered a molecular and functional resiliency 

signature consisting of genes involved in neuronal development and stress response as 

well as functional enhancement of both energetics and neuronal signaling regulation.   

Produced cells were then exposed to cellular stress in an effort to understand how stress 

response signatures differ between EL and non-EL subjects after insult. We found that 

EL subjects who demonstrated lower levels of entropy prior to insult, showed an 

enhanced molecular response to stress. Together, these results highlight a distinct 

molecular and functional signature in EL subjects that improves cellular regulation and 

performance. Our results also provide insight into how these signatures may be used to 

understand aging-related disease trajectories as well as develop novel therapeutics that 

may slow or reverse neurological aging.   

RESULTS 

Application of diverse biological aging clock models allows for selection of EL 
subjects at the extremes of resiliency. 
 To fuel the establishment of an iPSC-based model of resiliency, centenarian 

subjects identified to be at the extremes of resiliency at the time of iPSC blood draw were 

selected as detailed in Dowrey et al(49). Briefly, subjects were stratified through clinical 

history, functional profiling (Barthel Activity of Daily Living (ADL) Index(50)), and cognitive 

assessment data. In combination with these assessments and as a molecular register of 

relative health for the subjects that would be carried forward for stem cell-based modeling 

in this study, we performed DNA methylation profiling on the source peripheral blood 

mononuclear cells (PBMCs) and employed an array of biological aging clocks. These 

clocks included the GrimAge clock(51), PC-based updates to the Horvath, PhenoAge, 

and Hannum DNA methylation-based clocks(52), as well as the recently developed 

intrinsic capacity (ICAge)(53) and AdaptAge clocks(54). The models include principal 

component-based versions of four classic and well-established models (which reduce 

technical variance relative to the original versions(52)), as well as two recently published 

modern models (IC Age and AdaptAge). 

  To briefly summarize these models, each is based on average methylation states 

at a number of specific sites across the genome, derived from training predictive models 

using chronological age, as well as various clinical and biological information depending 

on the model. The Horvath clock, trained solely on chronological age and outputting 
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predicted age in years, was one of the original pan-tissue age predictors that established 

epigenetic clocks as a viable metric by which to assess biological age, and is often used 

as a benchmark readout(55). The Hannum clock is trained in the same way but 

specifically with blood as opposed to multiple tissues(7). PhenoAge was trained on 

chronological age, as well as multiple clinical mortality risk markers, serving as a better 

predictor of mortality risk and healthspan(56). GrimAge was developed by training on 

long-term survival data to most effectively estimate direct mortality risk(51). The Intrinsic 

Capacity (IC) clock was trained on a composite score reflecting functional reserve and 

resilience (locomotion, cognition, vitality, sensory, and psychological well-being) and 

reflects changes in overall functional capacity with age(53). Lastly, AdaptAge was one of 

a series of models trained using CpGs showing causal links to aging traits – the CpGs 

from AdaptAge are correlate specifically to ‘adaptive’ or more protective health outcomes 

with age(54). Thus, its age-acceleration (relative to chronological age) is interpreted to 

represent the degree of beneficial/adaptive response.  

Across the clocks which estimate biological age (PC_Horvath, PC_Hannum, and 

GrimAge), EL subjects displayed reduced biological age compared to their chronological 

age (Fig. 1A-C). Similarly, EL subjects showed a spectrum of health and phenotype 

predictions in the PC_PhenoAge, ICAge, and AdaptAge clocks (Fig. 1D-F) which may 

allow for further subdivision of groups in future studies to investigate the correlation 

between phenotypic readouts and disease risk. Overall, we employed a combinatorial 

strategy of assessing clinical, functional, and molecular readouts when choosing 

exceptional longevity (EL) subjects to inform a novel iPSC-based model of human 

resiliency.  

 

Centenarian iPSC-derived neurons display molecular signatures of resilience  
To investigate exceptional longevity in the context of neuronal resilience, we 

generated iPSC-derived cortical forebrain neurons from centenarian (EL) subjects as well 

as non-EL controls without family history of longevity. Neuronal differentiation was 

achieved using a NGN2-mediated forward programming strategy(49) (Fig. 2A, Fig. S1). 

Under baseline, unperturbed conditions, bulk RNA sequencing of produced cells revealed 

a distinct transcriptional signature in EL-derived neurons (Fig. 2). Notably, EL neurons 

showed significant upregulation of genes implicated in calcium signaling, synaptic 

integrity, and neuronal maturation, including Neurocalcin delta (NCALD) and MVK, which 

encodes for Mevalonate kinase(57–59). NCALD is a neuronal calcium-binding protein 

that buffers intracellular calcium levels(60, 61). Mevalonate kinase is involved in 
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cholesterol biosynthesis(62), a critical determinant of membrane structure, synaptic 

function, and neuronal signaling as well as mitochondrial dynamics (Fig. 2B)(63–66). The 

enrichment of these pathways suggests that EL neurons may sustain enhanced calcium 

trafficking, membrane properties, and synaptic integrity. 

In contrast, non-EL neurons displayed upregulation of stress response genes 

responding to proteostasis disruption and activation of the unfolded protein response 

(UPR), including HERPUD1(67), HYOU1(68), and XBP1(69, 70) (Fig. 2C–D). This 

pattern indicates that, even at baseline conditions, non-EL neurons experience greater 

proteotoxic stress and a heightened demand for cellular stress-response mechanisms. 

To further evaluate differences in biological age between the groups, we applied 

transcription-based, multi-tissue aging clocks of chronological age and expected 

mortality(71) to iPSC-derived neurons. EL-derived neurons exhibited a significantly 

reduced mortality transcriptional age (tAge) compared to non-EL neurons according to 

the mortality clock and a consistent trend toward reduced chronological tAge (p=0.063) 

according to the chronological clock (Fig. 2E, Fig. S2). 

Altogether, these findings indicate that neurons derived from centenarian iPSCs 

are characterized by enhanced expression of genes that promote synaptic health and 

neuronal resilience, whereas non-EL neurons exhibit signatures of proteostasis strain. 

These results suggest that EL neurons have improved regulation of cellular functions and 

evade molecular hallmarks of aging, such as loss of proteostasis(72).  

 

Live calcium imaging reveals improved regulation of neuronal activity in 
centenarian neurons.  

To assess whether transcriptional resilience signatures observed in EL-derived 

neurons translate into distinct functional dynamics, we performed live-cell calcium 

imaging. iPSC-derived cortical neurons from EL and non-EL backgrounds were 

transduced with the fluorescent calcium reporter GCaMP8s (See methods), and somatic 

calcium events were quantified (Fig. 3A-C). Aligning with transcriptional differences, EL 

neurons exhibited a marked decrease in the percentage of active neurons compared to 

non-EL neurons. Additionally, EL neurons displayed significantly shorter individual 

calcium events than non-EL neurons (Fig. 3D). Notably, the event widths of EL-derived 

neurons are more consistent (coefficient of variance 0.469) compared to non-EL 

(coefficient of variance 0.744). However, the interpeak interval (IPI) does not differ within 

active neurons in the two data sets (Fig. 3F). This combination of molecular (Fig. 2) and 

functional data supports the hypothesis that EL-derived neurons intrinsically maintain 
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more balanced neuronal dynamics and system-wide activity compared to non-EL 

neurons. 

 

Centenarian-derived neurons display reduced mitochondrial membrane potential 
and activity.  

To explore whether resilience in EL-derived neurons extends to mitochondrial 

regulation and cellular energetics, we assessed mitochondrial dynamics using 

MitoTracker™ dyes. Total mitochondrial content was quantified with MitoGreen (MTG), 

while polarized mitochondria were measured with MitoRed (MTR). The ratio of 

MTR/MTG, reflecting mitochondrial activity and membrane potential, was visualized using 

confocal microscopy and quantified via flow cytometry (Fig. 4A–D). Under baseline, 

unperturbed conditions, EL-derived neurons exhibited a lower mitochondrial membrane 

potential and reduced activity compared to non-EL controls (Fig. 4C-D). This suggests 

that EL neurons operate in a more energy-efficient state, avoiding mitochondrial 

hyperactivity at rest. 

To test whether these differences altered responses to metabolic stress, we 

performed a Seahorse mitochondrial stress assay. Surprisingly, no significant differences 

were observed between EL and non-EL neurons in stress-induced mitochondrial function 

(Fig. 4E). These findings indicate that, despite having a reduced basal mitochondrial 

activity, EL neurons retain normal adaptive responses to metabolic stress. Overall, these 

results suggest that centenarian-derived neurons maintain lower mitochondrial activity at 

baseline, potentially decreasing oxidative damage(73, 74), while preserving the capacity 

to respond effectively under stress. 

 

Centenarian-derived neurons exhibit dynamic resilience to proteostatic stress. 
Given the baseline enhancements of EL neurons in maintaining proteostasis (Fig. 

2), we next examined their ability to respond to acute proteostatic disruption. IPSC-

derived neurons from EL and non-EL donors were exposed to thapsigargin(47, 75, 76) a 

potent ER stressor that disrupts protein folding and secretion, and resultant transcriptional 

responses were profiled by RNA sequencing (Fig. 5, Fig. S3). Interestingly, genes 

associated with the unfolded protein response (UPR) and stress response genes that 

respond to proteostasis disruption—many of which were enriched in non-EL neurons at 

baseline—were significantly upregulated in EL neurons compared to non-EL neurons 

following stress. For instance, AKNA and LAMP3, genes involved in neurogenesis, 
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neuroinflammation, and UPR regulation(77–79), were significantly upregulated in EL 

neurons post-thapsigargin exposure (Fig. 5B–C) compared to non-EL neurons. 

Pathway analysis further revealed that the top EL-enriched KEGG pathway, 

Protein Processing in the ER, showed strikingly different dynamics between the EL and 

non-EL groups. Prior to stress, these genes displayed chronic low-level (“smoldering”) 

expression in non-EL neurons, suggestive of ongoing proteostasis disruption. In contrast, 

EL neurons maintained little to no expression at baseline but mounted a robust and 

coordinated upregulation of this pathway only after thapsigargin challenge (Fig. 5D). 

Lastly, we applied transcriptional aging clocks to assess how stress impacted cellular 

biological age. Non-EL neurons showed little to no change in chronological or mortality 

tAge following stress exposure, consistent with their already elevated baseline stress 

signature. By contrast, EL neurons displayed a significant increase according to both 

clocks (Fig. 5E), reflecting their dynamic activation of stress response programs rather 

than chronic activation at rest. 

Collectively, these findings illustrate a critical distinction: non-EL neurons exist in 

a state of chronic loss of proteostasis, blunting their capacity to respond dynamically to 

extrinsic proteostatic stress, whereas EL neurons maintain a more stable baseline and 

deploy robust, coordinated responses only when challenged. This stress-sensitivity 

defines a key axis of resilience in centenarian-derived neurons. 

 
Longevity-specific stress response signatures as a predictive model of resilience 
to age-related disease.  

To determine whether the resilience signature we identified in centenarian-derived 

neurons is unique to our model or has broader applicability, we compared our results 

against transcriptional datasets from age-related diseases. First, we tested the EL 

neuronal stress-response signature against post-mortem brain tissue from late-onset 

Alzheimer’s disease (LOAD) and age-matched healthy subjects(80) (Fig. 5). The EL 

resilience signature was significantly more similar to healthy aging brains than to LOAD 

brains, with the strongest overlap in the dorsolateral prefrontal cortex and visual cortex 

(Fig. 6A–C). This suggests that loss of EL-like resilience pathways may be a feature of 

Alzheimer’s disease, particularly in cortical regions. 

We next asked whether the EL resilience signature could also provide insights into 

cancer biology and associated risk. When compared to 33 TCGA (The Cancer Genome 

Atlas) cohorts(81), the EL signature showed significant associations with overall survival 

in 13 cancer types. Interestingly, the direction of association varied. In some cancers, 
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higher EL signature activity correlated with better survival, while in others it correlated 

with poorer outcomes (Fig. 6D-E). These divergent patterns suggest that resilience 

pathways may interact with tumor biology in context-dependent ways, shaping disease 

aggressiveness and prognosis. Finally, we examined how EL-associated features change 

during carcinogenesis by comparing matched tumor and adjacent normal tissues across 

22 cancer types. In 15 of these cancers, tumors showed a significant reduction in the EL 

resilience score, driven largely by loss of genes that were downregulated in the EL stress 

response (Fig. 6F). Overall, tumors exhibited systematically lower EL scores than 

expected by chance, indicating that cancer progression may be broadly associated with 

erosion of resilience pathways. These analyses demonstrate that the transcriptional 

resilience signature observed in EL neurons may extend beyond our in vitro model. Its 

presence in healthy aging brain tissue, loss in Alzheimer’s disease, and variable influence 

across cancers all highlight the clinical relevance of resilience pathways as potential 

predictors of disease susceptibility and outcomes. 

 

Discussion 
 A Multilayered Signature of Neuronal Resilience 

Our analyses reveal a consistent theme of resilience in neurons derived from 

centenarian iPSCs. At the molecular level, EL neurons preferentially upregulate genes 

that support synaptic integrity, calcium signaling, and cholesterol biosynthesis, while 

avoiding heightened activation of proteostatic stress response pathways observed in non-

EL controls (Fig. 2). At the functional level, this transcriptional signature translates into 

improved regulation of neuronal performance. Live-cell calcium imaging demonstrated 

that EL neurons exhibit more regular calcium dynamics with shorter peak widths and 

longer inter-peak intervals, consistent with a quieter, more balanced functional state. In 

contrast and relative to EL neurons, non-EL neurons showed persistent baseline 

dysregulation more common with disease states such as epilepsy(82), paralleling their 

stress-associated gene expression profiles (Fig. 2-3). At the metabolic level, EL neurons 

displayed reduced mitochondrial membrane potential and basal activity (Fig. 4). Notably, 

this finding was independent of cellular ER stress (Fig S4). This energy-efficient state 

likely limits oxidative stress(83, 84) while maintaining the ability to mount normal adaptive 

responses under metabolic challenge, as evidenced by equivalent performance to non-

EL cells in Seahorse stress assays. 

Once this system was disrupted with extrinsic insult, here achieved through 

thapsigargin-induced ER stress, EL neurons displayed dynamic resilience demonstrated 
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by upregulation of genes such as AKNA and LAMP3 and pathway enrichment including 

genes associated with protein processing in the ER. Non-EL neurons, however, showed 

chronic, low-level activation of proteostasis stress response genes prior to stress, and 

failed to mount as effective of a response as EL neurons following insult (Fig. 5). Further, 

transcriptional aging clocks reflected these differences in adaptability. EL neurons 

showed significant increases in tAge following stress, while non-EL neurons exhibited 

little change, consistent with muted responsiveness (Fig. 5E). 

These patterns converge on a unified model of human resiliency. In our assays, 

centenarian-derived neurons are uniquely molecularly programmed, functionally tuned, 

metabolically efficient, and dynamically adaptable. They are less burdened by chronic 

proteostasis stress, maintain quieter and more controlled neuronal signaling, conserve 

energy through reduced mitochondrial activity, and retain the capacity to mount strong, 

coordinated responses under acute challenge. In contrast, non-EL neurons exhibit early 

hallmarks of vulnerability, including chronic stress activation, functional dysregulation, 

and diminished adaptive flexibility. 

 

Conserved resilience strategies in long-lived mammals: parallels with the bowhead 
whale and naked mole rat 

Aspects of the multilayered resilience signature we observe in centenarian-derived 

neurons, including reduced baseline mitochondrial activity, lower proteostatic stress, and 

robust, compensatory stress responses, closely parallels adaptations described in other 

exceptionally long-lived mammals. The bowhead whale (Balaena mysticetus), which can 

live over 200 years, is a long-lived mammal whose molecular profile aligns well with that 

of centenarian-derived neurons. Transcriptomic analyses of the bowhead whale reveal 

alterations in energy regulation, including reduced activity of IGF/insulin pathway 

modulators such as Grb14, consistent with lower basal metabolic drive and enhanced 

energy efficiency(85). These changes mirror our observation that EL neurons maintain 

reduced mitochondrial membrane potential at baseline, a state that likely limits oxidative 

damage while preserving stress responsiveness. In addition, bowhead whale cells 

demonstrate enhanced DNA repair capacity and attenuated chronic stress signaling(85), 

echoing the way EL neurons avoid baseline proteostatic activation yet mount a 

coordinated unfolded protein response (UPR) when challenged. Together, these features 

highlight a shared strategy of conserving energy and minimizing damage during steady 

state, while preserving robust adaptive capacity when stress arises. 
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Additionally, long-lived rodent outliers such as the naked mole rat (NMR)(86–88) 

demonstrate a similar longevity strategy seen in centenarians. The NMR maintains 

exceptional proteostasis through multiple mechanisms. For example, ultra-high-

molecular-mass hyaluronan, a contact inhibition polysaccharide speculated to have 

evolved higher concentrations in the NMR to deal with tunnel dwelling, contributes to their 

exceptional cancer resistance(89). Moreover, the NMR displays increased translational 

fidelity(90) that limits misfolded proteins and elevated proteasome activity(91, 92), which 

inherently lower basal damage while preserving the ability to clear insults efficiently. 

These mechanisms resonate with the lower mitochondrial baseline activity and reduced 

proteostasis burden, coupled with rapid transcriptional activation under stress that is 

specifically noted in EL neurons.  

 

Human in vitro models to discover and validate geroprotectors 
The underlying mechanisms that drive resiliency or, conversely, rapid decline, 

remain unclear. Moreover, models of human aging, longevity, and resilience to aging-

associated disease that allow for the functional testing of potential interventions are 

virtually non-existent(93–95). To directly address these gaps in understanding, our 

human, iPSC-based model of resiliency provides a system in which to identify and 

validate biomarkers of aging and perform preclinical screening of novel therapeutics 

aimed at improving resiliency and extending healthspan. Importantly, this model is 

malleable and can be easily adapted and scaled to study other biological questions of 

aging and resiliency by changing the cell or tissue type as well as the form of insult or 

stress introduced to the system. Further, this model allows for a variety of additional 

control cohorts to be included, such as those from accelerated aging disorders(96–99), 

to investigate molecular and functional differences across aging rates.  

 

Limitations of the study 
 Here, we propose a new model of human resiliency by employing iPSC-based 

models to study centenarian exceptional longevity. As a byproduct of the reprogramming 

process, there is a resetting of the epigenetic landscape of the parent cell. In the context 

of aging-related models, this presents a limitation in investigating the epigenetic changes 

that are accrued throughout life. However, we believe this platform presents a valuable 

opportunity to study how and what epigenetic changes result from life processes such as 

development and exposure to insult in a systematic process. Moreover, iPSCs allow for 

the study of genetic background which is implicated as a driver of epigenetic changes 
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IPSC-based models provide a powerful human system in which to study disease 

processes and development(100). A main advantage of these models is the flexibility and 

scalability to produce any cell type of the body to fuel these studies. In this publication, 

we provide a proof-of-concept centered in the brain – a body system of high interest in 

the context of aging and neurodegeneration – through the patterning of iPSCs to cortical 

forebrain neurons.  Even so, we have performed epigenetic profiling of the source 

peripheral blood cells from the centenarians in our bank published previously(49) and 

expanded upon in this work to gain insights into the epigenetic landscape of these 

subjects at the time of collection. Further, a limitation is that we focus on studying 

resilience only in the context of cortical forebrain neurons, a cell type strongly impacted 

by aging. However, given the inherent flexibility of iPSC-based systems, this model is 

easily adaptable through the tailoring of cell type and perturbation used to new research 

questions.  
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Figure Legends: 
 
Fig. 1. Centenarians display reduced biological age based on a multitude of aging clocks. 
Biological age and related estimates for EL (red points) and non-EL (green points) peripheral 
blood mononuclear cells analyzed using the PC_Horvath (A), PC_Hannum (B), GrimAge (C), 
PC_PhenoAge (D), Intrinsic Capacity (E), and AdaptAge (F) biological clocks. The colored lines 
represent the best linear fit from each model, while the dotted black lines show a theoretical linear 
correlation between chronological and biological age, where applicable.  
 
Fig. 2. Centenarian iPSC-derived neurons display unique, longevity-associated molecular 
signatures. A) Experimental outline detailing the production of forebrain cortical neurons from 
EL and non-EL iPSC lines for transcriptional profiling. B) Volcano plot comparing gene 
expression between EL and Non-EL neurons (Red = significantly upregulated in EL, blue = 
significantly downregulated, gray = not significant). C) Heatmap displaying top 50 differentially 
expressed genes (DEGs) between EL and non-EL neurons (Red = upregulated, Blue = 
downregulated). D) Hallmark pathway enrichment based on DEGs from EL neuron vs non-EL 
neuron comparison (Blue = significantly enriched pathway (p>0.05)). E) Multispecies 
conventional Chronological tAge (left) and mortality tAge (right) predictions of EL and Non-EL 
neurons (paired statistical test, *=p<0.05). 
 
Fig. 3. Live calcium imaging reveals improved regulation of neuronal calcium dynamics and 
synaptic transmission in EL neurons. A) Experimental outline detailing the production of 
forebrain cortical neurons from EL and non-EL iPSC lines, transduction with fluorescent calcium 
reporter, and live cell confocal imaging. B) Confocal images of calcium spike (Scale bar=20µm, 
movie in supplement). C) Heatmap representation of neuronal calcium activity where each row is 
one ROI (soma) imaged across 120 seconds (x axis) (Red represents higher intensity, blue 
represents baseline). D) Percent activity of total neurons imaged across 4 non-EL iPSC lines (red) 
and 9 EL iPSC lines (blue)(*=p<0.05). E) Bar plot of average width of calcium signal peak where 
each dot represents a neuron across non-EL (Red) and EL (Blue) groups. F) Bar plot of average 
interpeak interval (time between peaks) where each dot represents a neuron across non-EL (Red) 
and EL (Blue) groups.  
 
Fig. 4. EL neurons exhibit reduced mitochondrial activity and membrane potential. 
A) Experimental outline detailing the production of forebrain cortical neurons from EL and non-
EL iPSC lines, transduction with fluorescent calcium reporter, and live cell confocal imaging or 
flow cytometry. B) Confocal imaging of neurons stained with MitoTrackers red and green (scale 
bar=10µm). C) Flow cytometry of cell populations following MitoTracker staining with upper 
population positive for MitoGreen and lower population positive for both MitoGreen and MitoRed. 
D) Quantification of 4 non-EL and 9 EL cell lines in profiled in flow cytometry MitoTracker 
experiments (p<0.01). E) Seahorse Mito Stress Test displaying oxygen consumption rate across 
EL and non-EL groups. 
 
Fig. 5. A longevity-specific stress response signature in EL iPSC-derived neurons reveals 
enrichment for resiliency factors and stress response pathways. A) Experimental outline 
detailing the production of forebrain cortical neurons from EL and non-EL iPSC lines and 
subsequent application of cellular stress for transcriptional and functional profiling. B) Volcano 
plot comparing gene expression between EL and control neurons following stress (Red = 
significantly upregulated, blue – significantly downregulated, gray (not significant). C) 
Normalized pathway enrichment score based on overall gene expression differences between EL 
and non-EL neurons following thapsigargin exposure. D) Protein processing in the ER (KEGG) 
gene set showing expression values across each subject with and without stress. E) Multispecies 
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conventional Chronological tAge (top) and mortality tAge (bottom) predictions of EL and Non-
EL neurons treated with DMSO (Red) or Thapsigargin (Blue). (paired statistical test adjusting for 
patient ID, *=p<0.05, ****=p<0.0001). 
 
Fig. 6. EL stress resilience signature as a predictive model of age-related disease risk and 
cancer outcomes 
A) Projection of the EL-stress signature onto the LOAD cohort (GSVA heatmap). Rows show 
GSVA scores for the EL-stress associated upregulated, downregulated, and composite (Up–Down) 
gene sets; columns are individual LOAD samples, ordered by the composite score (low → high). 
B) Estimated marginal mean GSVA composite scores (Up – Down) from a linear mixed-effect 
model in control versus LOAD samples (top). Composite resilience score of EL resiliency 
signature to healthy (Blue) or LOAD (Red) subjects (bottom). C) Composite resilience score 
across brain regions in healthy (Red) or LOAD (Blue) subjects. D) Heatmap of average GSVA 
score differences (Tumor − Normal) for the EL-stress resiliency signature across cancer types, 
shown separately for the composite score, upregulated and downregulated gene sets. Rows 
represent cancer types (ordered by composite difference), and columns represent signature 
components. Colors indicate the direction and magnitude of tumor–normal differences (blue = 
lower in tumor, red = higher in tumor). Asterisks mark cancer–signature combinations with 
nominal p < 0.05 (Wilcoxon signed-rank test). E) Heatmap of log₂ hazard ratios (HRs) from Cox 
proportional hazards models relating the EL-stress resiliency signature to overall survival, shown 
for the composite score, upregulated and downregulated gene sets. Rows represent cancer types 
(ordered by the composite HR), and columns represent signature components. Colors indicate the 
direction and magnitude of survival associations (blue = lower risk, red = higher risk). Asterisks 
mark cancer–signature combinations with nominal p < 0.05. F) Paired heatmaps display tumor–
normal differences (left) and survival associations (right) for the EL-stress resiliency signature. 
Rows represent cancer types (ordered by the mean composite tumor–normal difference), and 
columns represent the composite, upregulated, and downregulated gene set scores. In the tumor–
normal panel, colors indicate mean GSVA score differences between tumors and matched normal 
tissues (blue = lower in tumors, red = higher in tumors), with asterisks marking cancer–signature 
combinations significant at nominal p < 0.05 (Wilcoxon signed-rank test). In the survival panel, 
colors indicate log₂ hazard ratios (HRs) from Cox proportional hazards models relating each 
signature score to overall survival (blue = protective, red = higher risk), with asterisks marking 
associations with nominal p < 0.05. Grey indicates cancers with unavailable normal data. 
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Figure 1. Centenarians display reduced biological age based on a multitude of aging clocks. 
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Figure 2. Centenarian iPSC-derived neurons display unique, longevity-associated molecular 
signatures.
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Figure 3. Live calcium imaging reveals improved regulation of neuronal calcium dynamics 
and synaptic transmission in EL neurons.
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Figure 4. EL neurons exhibit reduced mitochondrial activity and membrane potential.
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Figure 5. A longevity-specific stress response signature in EL iPSC-derived neurons reveals 
enrichment for resiliency factors and stress response pathways.  
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Figure 6. EL stress resilience signature as a predictive model of age-related disease risk and 
cancer outcomes.  
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Supplementary Materials 
 
Materials and Methods:  
 
PBMC characterization using biological aging clocks: DNA was extracted from isolated 
PBMCs using the Qiagen DNeasy Blood and Tissue kit (Qiagen, 69506) according to 
manufacturer protocols. DNA methylation profiling was performed using the Illumina 
HumanMethylationEPIC v2 BeadChip array. Initial quality control was performed using 
the Minfi package (v1.54.1)(101)  to compute mean detection p-values for each CpG site 
and sample, filtering those with mean detection values >0.05 from further analysis. 
Normalization of signal intensities was performed using single-sample Noob 
normalization (ssNoob) via the preprocessNoob function in Minfi, using the "single" dye 
bias correction method. Beta values were further collapsed to probe family identifiers 
using the betasCollapseToPfx function from the Sesame R package (v1.26.0)(102). 
Missing CpGs were imputed using reference data from the sesameData package. 
Following quality control and normalization, the resulting beta values were used as input 
for the estimation of epigenetic age across a panel established methylation clocks. Final 
predictions were returned as either estimated biological ages in years or unitless age-
associated scores, depending on the design of each model. 
 
IPSC creation and utilization: IPSC lines used in this study were generated as described 
in our previous publication, Dowrey et al. 2024. Briefly, collected and isolated PBMCs 
were reprogrammed using a sendai virus-mediated delivery of the OSKM factors per 
manufacturers protocol (Fisher Scientific, A16517). Resultant clones were expanded, 
validated, and expanded for study.  
 
Generation of iPSC-derived forebrain cortical neurons: Cortical forebrain neurons were 
generated using a forward programming methodology as described in Dowrey et al. 2024. 
Briefly, cells were engineered to have a doxycycline-inducible neurogenin 2 (NGN2) 
cassette allowing for homogenous generation of neural progenitor cells (NPCs) in 3 days 
of induction. Following induction, NPCs were replated onto a poly-d-lysine, poly-L-
ornithine, Laminin coated matrix for further maturation with growth factors for 14 days. At 
day 17, cells were used in the assays described.   

Bulk RNA sequencing: RNA was isolated from cells using the Qiagen Allprep DNA/RNA 
isolation kit (Qiagen, 80284). Bulk RNA sequencing was performed by Novogene Co. 
(Sacramento, CA) using the Illumina Novaseq6000 S4 Flowcell paired-end 150 bp 
(PE150) platform with a minimum coverage of 20 million reads per sample.  

Data processing/batch correction for bulk RNA seq data: RNA-seq count data were first 
processed and quality-controlled prior to analysis. One epilepsy-associated line was 
excluded, and one low-quality sample identified in QC was removed. Genes with zero 
counts across all samples were filtered out, and data from both experiments were 
combined. Counts were processed in DESeq2 using its internal median-of-ratios 
normalization, and a regularized log transformation (rlog) was applied for downstream 
quality control. Quality assessment included evaluation of library size distributions, 
sample-to-sample distances, and principal component analysis (PCA). To visualize 
batch-associated variance, exploratory corrections were performed with both limma’s 
removeBatchEffect and sva’s ComBat, using experiment date as the batch variable. For 
all differential expression analyses, batch was modeled as a covariate in the DESeq2 
design formula. 
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Transcriptomic age evaluation: RNA-seq count data were preprocessed and normalized 
as follows. To remove non-expressed genes, only those with at least 10 reads in at least 
20% of samples were retained. The filtered data were then subjected to Relative Log 
Expression (RLE) normalization, log transformation, and YuGene normalization(103). 
Missing expression values for clock genes absent from the dataset were imputed using 
their respective precomputed average values. The resulting normalized expression 
profiles were centered to the median profile of DMSO-treated control samples. 
Transcriptomic age (tAge) for each sample was estimated using composite Elastic Net–
based multi-species, multi-tissue transcriptomic clocks of chronological age and expected 
mortality(71). Module-specific transcriptomic clocks of chronological age and expected 
mortality were applied to the scaled relative expression profiles within the same analytical 
framework. The resulting tAge estimates from module-specific clocks were standardized 
following adjustment for patient ID. To compare tAge estimates derived from composite 
and module-specific clocks between the groups (EL vs non-EL, or DMSO- vs 
Thapsigargin-treated cells), one-way ANOVA was utilized. The effect of thapsigargin on 
tAge was evaluated using an ANOVA model with patient ID included as a covariate to 
account for paired measurements. Resulting p-values were corrected for multiple 
comparisons using the Benjamini–Hochberg procedure. 
 
Gene ontology analysis/heatmap generation: 
Gene Set Enrichment Analysis was run in preranked mode using the Broad Institute’s 
GSEA software. Ranked gene lists were generated from DESeq2 differential expression 
results, ordering genes by the Wald test statistic. Enrichment was assessed against gene 
sets from the Molecular Signatures Database (MSigDB), with significance determined by 
permutation testing and false discovery rate (FDR) correction. For heatmap visualization, 
counts were normalized to counts per million (CPM) and log₂-transformed. Heatmaps 
were generated from these values for the top genes of interest and curated gene sets. 
 
Live cell calcium imaging: Calcium activity was assessed in the control cell lines (4 lines) 
and in the EL, centenarian cell lines (9 lines) expressing the calcium indicator GCaMP.8s 
[VB240904-1449tnm]. Each cell line had 4 representative fields of view (FOV) assessed. 
Time series were captured on the Zeiss LSM 710-Live Duo Confocal at 1 Hz for 180 
seconds using a 10X 0.45 aperture objective and incubator attachment (5% CO2 and 37 
C, PeCon). Each FOV had 15 manually selected regions of interest (ROIs). 15 individual 
neuron cell body ROIs were selected by hand in each time series and background 
subtracted based on a measured non-neuronal ROI. The Activity trace for each neuron 
was calculated as (F-Fo)/ Fo = ΔF/Fo; the mean fluorescence of the neuron (mean value 
of the ROI) at each time point, F, normalized by Fo, the mean of the lowest 1% of 
measurements for that neuron over the entire trial (i.e. the mean of the bottom 1% of 
measured values). ΔF/Fo of measured neurons were plotted on activity heatmaps as in 
Figure 3C. Neuron activation events were detected using a peak prominence of 0.6 in 
the fluorescence trace (via Peak Prominence peak detection in Matlab)(104). A neuron 
was considered “active” if it had at least one flagged peak during the 180s time series. 
Width of peak was defined as the time between the onset and end of a calcium activation 
event, and the interpeak interval was defined as the time between two calcium events in 
the same neuron. Data was averaged per neuron and findings are summarized in Figure 
3. Percent active measurements were analyzed using a chi-squared test for 
independence. WOP and IPI assessments were done using an unpaired two-tailed t-test 
using Welch’s correction. 
 
Comparison of EL and non-EL Thapsigargin response: EL and non-EL neurons were 
exposed to an acute 500 nM dose of thapsigargin (Fisher Scientific, AC328570050) for 
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24 hours. Following dosing, RNA was isolated and profiled using bulk RNA sequencing 
through Novogene Co. as described. Differential expression analysis was performed in 
DESeq2 using raw counts with a model that included experimental batch, donor group 
(exceptional longevity versus control), treatment condition (DMSO versus thapsigargin), 
and an interaction term between donor group and treatment. This interaction term 
specifically tested whether the transcriptional response to thapsigargin differed between 
EL and control neurons. DESeq2’s standard workflow was used, including internal 
normalization for library size, estimation of gene-wise dispersion parameters, and fitting 
of negative binomial models. Results were extracted for the interaction term, and 
significance was determined using the Benjamini-Hochberg false discovery rate (FDR). 
 
Composite analysis/comparison of EL resiliency signature to LOAD dataset: The EL-
stress resiliency signature was derived from the interaction-term differential expression 
analysis in iPSC-derived neurons, selecting genes with Benjamini-Hochberg adjusted 
FDR < 0.05. Direction was assigned based on the interaction log₂ fold change: genes 
with positive interaction log₂ fold change values (greater change in EL neurons relative to 
controls) were grouped as “upregulated,” while genes with negative values (smaller 
change in EL neurons relative to controls) were grouped as “downregulated.” A publicly 
available late-onset Alzheimer’s disease (LOAD) bulk expression dataset (GEO: 
GSE44772; Zhang et al., Cell 2013), including 129 LOAD patients and 101 controls 
across dorsolateral prefrontal cortex (DLPFC), visual cortex, and cerebellum (690 
samples total), was preprocessed prior to signature projection. Processing steps included 
retaining probes with mapped gene symbols, collapsing duplicate symbols by selecting 
the probe with the highest variance, updating feature identifiers to gene symbols, and 
removing features with missing expression values. Gene set variation analysis (GSVA; R 
package GSVA) was applied to compute sample-level enrichment scores for the 
upregulated and downregulated signature sets using a Gaussian kernel. A composite 
resilience score was then defined as the difference between the upregulated and 
downregulated GSVA scores (up - down), providing a single quantitative measure of 
signature activity per sample. Statistical modeling of the composite score was performed 
using linear mixed-effects models fit with the lme4 package, with estimated marginal 
means (EMMs) and contrasts obtained using the emmeans package. Fixed effects 
included LOAD status (LOAD vs control), brain region, and gender, with a random 
intercept for patient to account for multiple regions per donor. An additive model was 
compared to one including a LOAD by region interaction using a likelihood-ratio test fit by 
maximum likelihood (ML), and final estimates were obtained under restricted maximum 
likelihood (REML). Region-specific EMMs and LOAD-Control differences were derived 
from the interaction model, while the overall LOAD-Control difference was reported from 
the additive model to avoid averaging across the interaction. 
 
Composite analysis and comparison of EL resiliency signature to TCGA cancer datasets: 
The EL-stress resiliency signature (upregulated and downregulated gene sets from the 
iPSC interaction-term analysis) was projected onto TCGA RNA-seq primary tumor 
datasets obtained via the TCGAbiolinks R package. Within each cancer type, raw counts 
were processed using DESeq2 median-of-ratios normalization and variance-stabilizing 
transformation (vst). Gene set variation analysis (GSVA; R package GSVA) was applied 
to compute sample-level enrichment scores for the upregulated and downregulated 
signature sets using a Gaussian kernel. A composite resilience score was then defined 
as the difference between the upregulated and downregulated GSVA scores (up - down). 
For head and neck squamous cell carcinoma (HNSC), HPV-positive cases were excluded 
for the survival analyses. Overall survival associations were evaluated using Cox 
proportional hazards models (survival package) fit separately within each cancer type, 
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including the composite GSVA score (z-scored within cancer) and chronological age as 
covariates; hazard ratios, 95% confidence intervals, and p-values were extracted. To 
assess tumor-normal differences, paired tumor and adjacent normal samples (where 
available) were processed jointly per cancer type by vst-normalizing the combined count 
matrix in DESeq2 as above, computing GSVA scores as above, and testing paired 
differences in composite score GSVA with Wilcoxon signed-rank tests. Finally, global 
Kolmogorov-Smirnov tests were applied across cancers to evaluate whether the 
distribution of nominal p-values from survival and tumor-normal comparisons was 
enriched near zero relative to the uniform distribution. 
Application of transcriptional clocks: Alex T 
 
Mitochondrial characterization using MitoTracker and Seahorse assays: To assess 
mitochondrial dynamics of produced neurons from EL and non-EL groups, a combination 
of MitoTracker dyes were employed. MitoTracker Green FM (ThermoFisher, M7514) was 
used to assess total mitochondrial load and MitoTracker Red CMXRos (ThermoFisher, 
M7512) was used to assess polarized mitochondria. Cells were stained using 200 nM 
MitoGreen and MitoRed for 20 minutes at 37C. Following staining, cells were washed and 
profiled via flow cytometry or imaged using a confocal microscope. Given reported 
evidence that mitochondrial changes are rapid and short lived following thapsigargin 
exposure in a biphasic pattern(76), cells were exposed to either 500 nM or 1 µM 
thapsigargin for 5 min before profiling via flow cytometry to capture potential mitochondrial 
changes (Supplemental Figure 4).  
A Mito Stress Assay was conducted using a Seahorse XFe96 Instrument. Following 
optimization it was determined that drug concentrations were optimal at the following 
concentrations: Oligomycin – 2.5 µM, FCCP – 1.5 µM, Rotenone - 1 µM, Antimycin A – 1 
µM. Hoechst staining was conducted to allow for cell number normalization using a plate 
reader and comparisons were performed using Agilent Seahorse Analytics software.  
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Supplemental Figure Legends: 
Fig. S1. Efficient patterning of forebrain cortical neurons from EL and non-EL 
iPSCs. A) Heatmap displaying top 50 differentially expressed genes (DEGs, LogFC 
FDR<0.05) between EL and non-EL (BU) iPSCs and corresponding iPSC-derived 
neurons (Red = upregulated, Blue = downregulated).  
 
Fig. S2. Transcriptomic clock age estimates reveal age increases and stress 
response pathway enrichment following thapsigargin treatment. 
A) PCA analysis of transcriptional response between DMSO vehicle (blue) and 
Thapsigargin treated EL and Non-EL neurons from batches 1 (circle) and 2 (square).  
B) Multispecies conventional Chronological tAge (left) and mortality tAge (right) 
predictions of EL and Non-EL neurons treated with DMSO or Thapsigargin (paired 
statistical test). 
C) Pathway enrichment following module-specific Chronological tAge (left) and Mortality 
tAge (right) predictions of EL and Non-EL neurons treated with Thapsigargin compared 
to DMSO treatment (*=p<0.05, **=p<0.01, ***=p<0.001).  
 
Fig. S3 Thapsigargin exposure yields a global molecular response signature in 
iPSC-derived neurons.. A) Heatmap displaying top 200 differentially expressed genes 
(DEGs) of EL and non-EL neurons (grouped) following global ER stress (Red = 
upregulated, Blue = downregulated).  
 
Fig. S4. EL neuron mitochondrial dynamics is independent of ER stress response.   
Quantification of MTR/MTG ratio of 4 non-EL and 9 EL cell lines profiled in flow cytometry 
MitoTracker experiments following A) 500 nM Thapsigargin exposure or B) 1 µM 
Thapsigargin exposure for 5 min. 
 

Movie S1. Representative live calcium imaging of iPSC-derived neurons. 
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Supplemental Figure 1. Efficient patterning of forebrain cortical neurons from EL and non-
EL iPSCs.
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Supplemental Figure 2. Transcriptomic clock age estimates reveal age increases and 
stress response pathway enrichment following thapsigargin treatment.
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Supplemental Figure 3. Thapsigargin exposure yields a global molecular response 
signature in iPSC-derived neurons.
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500 nM Thapsigargin 1 µM Thapsigargin

Supplemental Figure 4. EL neuron mitochondrial dynamics is independent of ER stress 
response.  
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