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ABSTRACT 
 
 
 

IDENTIFYING NOVEL MOLECULAR MECHANISMS OF HEALTHSPAN USING MULTI-OMICS 

 
 

An important goal in research on aging is to extend healthspan, the period of life spent healthy 

and disease-free. Next-generation sequencing and other emerging bioinformatics technologies 

(e.g., RNA-seq/transcriptomics, epigenetic profiling, and proteomics) have made it possible to 

broadly profile potential molecular mediators of aging, and perhaps identify therapeutic targets. 

The studies in this dissertation focus on using transcriptomics and complementary “multi-omics” 

strategies to characterize novel cellular mechanisms of aging, and to determine their relevance 

to systemic/functional health in humans. With the guidance of my mentoring team, I completed 

three studies in which I identified novel mediators of healthspan-related exercise training 

responsiveness, age-related inflammation, and cognitive/motor function decline in middle-aged 

and older adults. One particularly novel focus among these studies was the role of non-coding 

repetitive RNAs (derived from transposable elements) in healthspan. Transposable elements 

have been linked to known mechanisms of aging, and this topic is reviewed at the start of this 

dissertation to provide perspective on their role in the context of research on aging biology. 

Collectively, my findings represent new ideas for targetable genes and proteins that may 

influence human healthspan.  
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TRANSPOSABLE ELEMENTS AS A NOVEL HALLMARK OF AGING: A REVIEW 
 
 
 

Introduction 

 An important goal in aging research is to extend healthspan, the period of time spent 

free of disease. Next-generation sequencing and bioinformatics technologies (e.g., RNA-

seq/transcriptomics) are powerful ways to identify novel mechanisms of aging and therapeutic 

targets1. However, most transcriptome studies of aging have focused on identifying genes that 

drive aging/age-related disease, while transposable elements (TEs), which make up a large 

portion (~45%) of the genome2, have generally been neglected3. Evidence suggests that the 

activation and accumulation of TE transcripts may be related to key mechanisms of aging 

because: 1) TE transcripts increase with age across the lifespan and can be used to predict 

age4; 2) healthy aging interventions (e.g., calorie restriction, rapamycin, exercise) reduce TE 

transcripts in pre-clinical models and humans5; and 3) TE transcript activation/accumulation is 

associated with key hallmarks of aging and age-related disease6.  

 TEs include retrotransposons and DNA transposons, which represent most of our non-

coding repetitive genomic sequences. Retrotransposons can propagate via a ‘copy and paste’ 

mechanism with an RNA intermediate, which is reverse transcribed into complementary DNA 

(cDNA) that can re-integrate at different locations in the genome7,8. Retrotransposons include 

long-interspersed nuclear elements (LINEs), short-interspersed nuclear elements (SINEs), and 

long terminal repeats (LTRs). In contrast, DNA transposons mobilize through a DNA 

intermediate via a ‘cut and paste’ mechanism. In the mammalian genome, most 

retrotransposons are inactive because they no longer contain the machinery for transcription 

and translocation. However, in humans, a subset (~0.1%) of LINEs (e.g., L1) contain two open 

reading frames encoding for an RNA chaperone and reverse transcriptase enzyme, which 

allows them to remain active, propagate and re-integrate in the genome6,8. SINEs, the other 

main type of retrotransposon, do not encode for the proteins necessary for autonomous 
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retrotransposition and must use LINE machinery to self-replicate. Like a subset of LINEs, some 

SINEs (e.g., Alu elements) are also active in the human genome as indicated by de novo 

insertions 9. Similar to LINEs and SINEs, LTR retrotransposons (e.g., endogenous retroviruses) 

also copy via RNA intermediates and cDNA10. Finally, unlike LINEs, SINEs and LTR 

retrotransposons, DNA transposons are thought to be largely inactive in the human genome11.  

 While most retrotransposons (and transposons) are epigenetically silenced at the 

genome level, recent reports show that certain types of retrotransposons are transcribed with 

aging as a result of chromatin dysregulation or other epigenetic mechanisms12-16, and that 

activation/accumulation of their transcripts may drive other cellular mechanisms of aging4,17-20. 

However, this is an emerging topic, and the many possible connections among TEs and 

mediators of aging have not been discussed in detail in the current literature. Therefore, the 

purpose of this review is to highlight the most recent evidence supporting the connections 

between TE dysregulation and the ten established hallmarks of aging (Figure 1.1): genomic 

instability, telomere attrition, epigenetic alterations, loss of proteostasis, deregulated nutrient 

sensing, mitochondrial dysfunction, cellular senescence, stem cell exhaustion, altered 

intercellular communication, and inflammation21,22. We also discuss potential interventions and 

therapies to target TEs and mitigate their interactions with these hallmarks. 
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Figure 1.1. TE transcript accumulation and the hallmarks of aging. Age-related TE 
transcript accumulation/dysregulation relates to the ten hallmarks of aging, which includes 
genomic instability, telomere attrition, epigenetic alterations, loss of proteostasis, deregulated 
nutrient sensing, mitochondrial dysfunction, cellular senescence, stem cell exhaustion, altered 
intercellular communication, and inflammation. Arrows indicate directional associations, and the 
thickness of each arrow represents how much evidence supports the connection between TE 
dysregulation and each hallmark.  
 

TEs and each hallmark of aging 

1. Epigenetic alterations 

 Epigenetic alterations are often associated with TE dysregulation with aging. Although 

changes to the epigenome during aging are complex and multifactorial, changes to global 

chromatin structure (including the loss of histones) and reduced DNA methylation patterns 

appear to be most directly related to TE activation with aging22. Importantly, the propagation/re-

insertion of TEs into the genome might also have a direct influence on the epigenome by 

altering the formation of heterochromatin23 and causing the activation of DNA repair processes, 

which can reduce DNA methylation24.  
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1.1. Loss of heterochromatin: Dysregulation of chromatin contributes to the transcription of 

TEs27, but this has mainly been demonstrated in simple eukaryotic organisms including yeast 

and flies28. Briefly, chromatin includes euchromatin (loosely-packed regions of the genome that 

are transcriptionally active) and heterochromatin (regions of the genome that are tightly packed 

and transcriptionally repressed)12. The ‘heterochromatin loss model of aging’ suggests that 

decondensation of heterochromatin is closely associated with aging/age-related disease 

because its structure breaks down over time, partly due to a reduction in histone maintenance 

and synthesis, and this leads to loss of transcriptional control and subsequent cellular 

dysfunction29,30. Interestingly, the overexpression of histone proteins (H3 and H4) results in 

reduced retrotransposition in yeast31 and heterochromatin is enriched in regions of the genome 

containing retrotransposons32. Therefore, one consequence of the loss of heterochromatin and 

global histone reductions during aging might be the transcription/activation of retrotransposons 

that are normally repressed33. In support of this general idea, data show that heterochromatin 

formation/maintenance increases lifespan in pre-clinical models34, and that reductions in 

heterochromatin maintenance accelerate aging in human cells, in part by inducing 

senescence35. Still, as noted above, it remains to be determined whether the loss of 

heterochromatin is directly associated with the activation of TEs in mammalian tissues. 

 

1.2. DNA hypomethylation: DNA methylation patterns can contribute to either the activation or 

repression of TEs, and this is dependent on developmental stage36. For example, during 

embryogenesis and development, reduced DNA methylation is important to activate TEs, thus 

contributing to developmental innovations and even genome evolution (e.g., because TE 

insertions can have a direct influence on neighboring genes)37. Reduced DNA methylation in 

regions of the genome containing autonomous (active) TEs enables them to propagate and 

multiply (ensuring their survival in the genome with multiple copies), but this expansion has 
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deleterious consequences (e.g., cell death) in the context of aging38. As a result, during aging, 

increased DNA methylation is critically important to suppress TEs that might otherwise become 

active and contribute to disease36. Even so, DNA hypomethylation is a well-characterized 

feature of cellular aging39, and this age-associated change is the foundation of many “biological 

clocks” that estimate biological age (vs. chronological age)40,41. This age-related 

hypomethylation is likely central to TE dysregulation, as epigenetic studies have generally found 

global, age-dependent DNA hypomethylation in regions of the genome enriched in TEs42, and 

aging in humans is associated with decreased methylation of Alu and LINE1 elements43. 

Additionally, retrotransposon activity is increased in DNA methylation-deficient mouse models 

(Dnmt3L and Miwi2 mutants), and retrotransposition in these animals impairs genomic integrity 

by reducing chromatin stability and inducing double stranded DNA breaks44. These events may 

be somewhat self-perpetuating, in that propagation/re-insertion of TEs also has a direct 

influence on the epigenome by altering the formation of heterochromatin23, and the insertion of 

TEs into the genome activates DNA repair processes, which can reduce DNA methylation24. 

Together, these data support the idea that epigenetic changes during aging, particularly the loss 

of heterochromatin and global reductions in histones and DNA hypomethylation, activate TEs 

that would normally be suppressed. 

 

2. Genome instability and telomere attrition 

2.1. Genome instability: A common mechanism of aging is the accumulation of DNA damage 

(e.g., due to UV radiation, replication errors, or reactive oxygen species)21. DNA lesions, which 

often manifest as double-stranded DNA breaks, occur often and randomly throughout the 

genome over the lifespan, and the ability to repair this damage decreases with aging45. 

Interestingly, it has been shown that that TE insertions into the genome can cause double-

stranded DNA breaks (therefore inducing genome instability)23. These lesions initiate a DNA 

damage response (DDR) that temporarily pauses the cell cycle for DNA repair mechanisms, 
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and chronic DDR activation can lead to a permanent halting or change in cell fate such as 

apoptosis (programmed cell death) or senescence (also a hallmark of aging)46. Recent evidence 

suggests that epigenetic dysregulation and genomic instability are mainly due to DNA damage, 

and that the combination of these factors can increase derepression of TEs, including LINE1 in 

humans and IAP (a type of active LTR) in mice24. These and other data indicate that DNA 

damage may be a direct cause of TE dysregulation. For example, the increased mobility of 

some active human TEs (LINE-1) is associated with reduced DNA repair machinery47, and it has 

also been shown that repressing certain TEs results in enhanced genome stability. In fact, 

targeting Alu elements (a type of highly mobile SINE that account for ~11% of the human 

genome) with small interfering RNA (siRNA) leads to improved resistance to DNA damaging 

agents, increased cell proliferation (reduced senescence), and enhanced genome stability48,49. 

Taken together, these data suggest the relationship between genome instability and TE 

activation is bidirectional in that: (1) TE activation/insertions can have a direct impact on 

genome instability (e.g., by inducing double stranded DNA breaks); and (2) genome instability 

can contribute to the activation of TEs (e.g., through initiating the DDR or senescence).  

 

2.2. Telomere attrition: Telomeres are repetitive portions of the genome that protect the ends of 

chromosomes during cell replication21. The shortening of telomeres during aging contributes to 

genomic material loss and can lead to replicative senescence or apoptosis50. In contrast to the 

adverse effects of TEs on other hallmarks of aging, most of the existing research on this topic 

suggests that certain TEs are essential for maintaining telomere structure/length. Studies in 

Drosophila suggest that telomeres are maintained by three families of active TEs (HeT-a, TART, 

and Tahre)51. Also, in eukaryotic cells, telomeres are supported and elongated by a specialized 

reverse transcriptase enzyme, telomerase, which adds protective DNA to the ends of telomeres 

and has been evolutionarily linked to TEs (i.e., perhaps due to its reverse transcriptase 

activity)52.  However, recent studies completed in yeast have found that erosion of telomeres is 
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associated with direct activation of Ty1 retrotransposons (a type of LTR retrotransposon)55, and 

in human cells, LINE1 activation and insertions have been identified at dysfunctional 

telomeres56. These findings suggest that the relationship between TEs and telomeres is 

complex and likely differs based on TE type, and more research is needed to determine if there 

is a link between telomere shortening and TEs.  

 

3. Altered intercellular communication and chronic inflammation 

 TE transcript dysregulation and accumulation has been linked with altered intercellular 

communication including altered neuronal transmission, metabolic control (i.e., blood glucose 

and lipid levels), and impaired immune response in tumor microenvironments57,58. The precise 

roles of TEs in altered intercellular communication (e.g., hormones, signaling proteins, ligand 

receptor binding) are still not known. However, the most important link between TEs and age-

related changes in intercellular communication involves cytokines and chemokines, which  play 

a central role in cellular signaling, immune activation, and chronic low-grade inflammation59. 

Several studies point to inflammation as a “unifying” hallmark of aging (‘inflammaging’) and one 

of the main contributors to age-related disease60. Perhaps the strongest evidence for TE 

involvement in low-grade inflammation (including the activation of cytokines/chemokines) 

involves the fact that retrotransposons, including LINEs, SINEs, and LTRs, can be reverse 

transcribed, resulting in the formation of cDNA. During aging, this cDNA can escape the nucleus 

(perhaps due to decreased nuclear envelope integrity) and be recognized as a pathogen-

associated molecular pattern that is detected by cyclic GMP-AMP synthase (cGAS)61. This 

cascade of events can activate the cGAS-STING pathway, an important signaling axis for 

immune responses/inflammation62. cGAS-STING initiates a type-1 interferon response, 

contributing to the expression of inflammatory cytokines that communicate the threat to 

surrounding cells, and these events have been associated with various age-related diseases, 

including cancers62 (Figure 1.2). 
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 In addition to the generation of cytoplasmic cDNA, more recent but limited evidence 

suggests that TE accumulation may contribute to chronic, low-grade inflammation via TE-

derived double stranded RNA (dsRNA) that can also be recognized as a foreign entity and 

trigger inflammation/immune responses. For example, evidence suggests that transcripts from 

TEs can fold and base-pair (“intra-strand”) to form dsRNA in the cytoplasm. Similarly, nearby 

transcripts that are complementary may pair up to form dsRNA (“inter-strand”)63. These dsRNAs 

can present a virus-like stimulus that triggers cellular inflammatory and immune response 

signaling pathways via sensors such as Melanoma Differentiation Associated Protein 5 (MDA5), 

Retinoic Acid Inducible Gene 1 (RIG-1), and Protein-Kinase RNA activated (PKR)64,65 (Figure 

1.2). These events may represent additional mechanisms by which non-autonomous TEs (e.g., 

DNA transposons) can contribute to chronic, low-grade inflammation during aging.  

 Emerging evidence supports a role for cDNA, dsRNA and other TE-derived molecules in 

aging and disease. For example, in pre-clinical models and humans cells, elevated TE activity 

contributes to chronic inflammation and interferon responses66, and this is reportedly due to 

increased expression of the LINE element L1 retrotransposon, which stimulates an inflammatory 

interferon response in senescent cells via cDNA, and during normal healthy (mouse) aging67. 

Similarly, endogenous retroviruses (ERVs, a major type of retrotransposon) have been shown to 

activate cytokines, chemokines, and downstream inflammatory pathways68. The activation of 

other retrotransposons like HERVK (a human-specific type of ERV) during aging also results in 

the production of endogenous, virus-like particles that cause inflammatory signaling and 

senescence in other cells70. Interestingly, the order of these events may be reversed in some 

cases, as a recent study showed that stimulation of Toll-Like Receptors 4 and 5 (TLR-4 and 

TLR-5, respectively) with pathogen-associated proteins altered the expression profile of TEs 

including LINEs and human endogenous retroviruses (HERVs) 69. Finally, recent data show that 

pathogenic tau (a main hallmark of Alzheimer’s disease) drives the activation of TEs that may 
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contribute to increased levels of TE-derived dsRNA and neuroinflammation, a major mechanism 

of brain aging and neurodegeneration72.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1.2. Mechanisms by which TE transcript accumulation triggers inflammatory 
signaling. Aging and age-related changes to the epigenome are associated with TE transcript 
accumulation. TE transcripts can be reverse transcribed into cDNA by reverse transcriptase 
(RT), and cDNA trigger the cGAS-STING inflammatory pathway. Additionally, palindromic TE 
transcripts can fold and base pair, or two complementary transcripts can pair up to form dsRNA, 
stimulating dsRNA sensors such as RIG-1/MDA5. These scenarios ultimately lead to type 1 
interferon and inflammatory responses.   
 

4. Cellular senescence 

 Cellular senescence is initiated by acute and chronic cell damage, and senescent cells 

accumulate with aging in multiple tissues 73,74. Senescence contributes to cellular events that 
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may be important during aging/disease, including morphological changes, proliferation arrest, 

telomere dysfunction, inflammation/immune activation, and DNA damage—all of which result in 

senescent cells adopting a pro-inflammatory profile known as the “senescence-associated 

secretory phenotype” (SASP)75. . Most evidence points towards the fact that cellular 

senescence and the SASP can lead to an increase in TEs (e.g., LINE1 activity) and activate a 

type-1 interferon (IFN-I) response and inflammation in human cells67. However, this may be a 

bidirectional process, as chronic inflammation caused by TE-derived dsRNA or cDNA can also 

induce the SASP phenotype and increase the expression of pro-inflammatory cytokines and 

chemokines (e.g., IL-6, IL-8)76. Most recently, senescence in human cells was associated with 

increased levels of HERVK transcripts (a type of active human endogenous retrovirus), and an 

accumulation of HERVK-derived virus-like particles that cause inflammation/immune activation 

and senescence in other cells70. Interestingly, among all of these observations, one consistent 

change that occurs with cellular senescence is marked decondensation of satellite-specific 

heterochromatin. Satellites are not considered to be TEs per se, but they are a type of structural 

repetitive element that undergoes similar age-related increases in expression4. Decondensation 

of satellite heterochromatin is known as senescence-associated distension of satellites (SADS), 

and this phenomenon suggests that redistribution of condensed/decondensed heterochromatin 

is an early event in senescence77. As such, the current data indicate that: (1) senescence and 

the SASP contribute to the direct activation of TEs and inflammation/immune activation6; but (2) 

active TEs may also contribute to senescence and the SASP (e.g., by activating interferons and 

inflammation). 

 

 

5. Deregulated nutrient sensing and impaired proteostasis 

5.1. Deregulated nutrient sensing: Nutrient sensing pathways are highly conserved in evolution 

and involve hormones and proteins including Insulin/IGF, PI3K/AKT, AMPK, MTOR, and 
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Sirtuins 78. These pathways respond to nutrients/stressors and modulate the activity of many 

transcription factors to regulate broad cellular processes including autophagy (recycling of 

damaged cellular components), inflammation, mitochondrial biogenesis, and longevity79 . 

Recent evidence shows that several important proteins that mediate nutrient sensing also affect 

TEs, and this process is likely multifactorial (e.g., through chromatin maintenance or influencing 

DNA repair mechanisms). For example, sirtuins are key metabolic regulators that have been 

linked to healthspan and lifespan80. Mammalian sirtuins largely function as histone deacetylases 

(HDACs) that play a large role in regulating glucose and lipid metabolism, DNA repair/stability, 

stress responses and inflammation81, and they are activated by calorie restriction and exercise 

(two healthy aging interventions). Consistent with these observations and the idea that TEs 

modulate healthspan, SIRT1, SIRT6, and SIRT7 have all been shown to play an important role 

in maintaining chromatin structure and DNA repair mechanisms, and to repress L1 

retrotransposon activity and reduce downstream IFN-I and inflammation80,82. Similarly, AMP-

activated protein kinase (AMPK) is part of a classic nutrient sensing pathway that mediates 

autophagy and other energy homeostasis processes during times of insufficient intracellular 

energy, and it is a direct regulator of epigenetic enzymes like HDACs and DNA 

methyltransferases (DNMTs). Increased AMPK activity is associated with reduced L1 mRNA 

expression85, but AMPK expression declines with aging83,84. These emerging data suggest that 

TE expression may be linked to the activity of several key nutrient sensing proteins that have 

roles in healthspan and lifespan86, but future studies are needed to understand the order of 

these events.  

 

5.2. Loss of proteostasis: Aging is associated with impaired chaperone protein expression and 

protein homeostasis, known as proteostasis—coordinated synthesis and degradation of cellular 

proteins and organelles via autophagy and the proteasome—which leads to an accumulation of 

intra- and extracellular protein aggregates87.  The links between proteostasis and TEs are still 
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under investigation. However, recent evidence suggests that impaired proteostasis during aging 

could underlie TE transcript accumulation (i.e., downstream increased transcription). For 

example, autophagy has been shown to be a requirement for the degradation of 

retrotransposon RNAs129, and the proteasome appears to limit the genomic re-integration of 

some TEs130. Although not proteostasis per se, age-related declines also occur in the 

expression and function of related nucleic acid binding proteins, which help fold and stabilize 

RNA/DNA and can influence TE/dsRNA expression. As an example, the activity/function of the 

RNA-binding protein TAR DNA-Binding Protein 43 (TDP-43) is affected during aging (perhaps 

due impaired proteostasis87), and reduced TDP-43 function is associated with the accumulation 

of TE transcripts, dsRNA, and inflammation88. Finally, in addition to overall proteostasis and 

direct RNA/DNA binding proteins, age-related changes in cellular quality control proteins that 

are associated with TE control/degradation and disrupt dsRNA/cDNA (e.g., exonucleases) may 

become impaired with aging. For example, dsDNA fragments or cytoplasmic DNA from TEs that 

have escaped the nucleus can be degraded by the Three Prime Repair Exonuclease 1 (TREX1) 

exonuclease, which would prevent cGAS activation and the subsequent interferon and 

inflammation responses, and TREX1 activity may decline with age62. Overall, these data 

indicate that impaired proteostasis with aging may influence TEs via multiple pathways, 

particularly those affecting proteins meant to target/degrade cDNA, dsRNA, or TE transcripts. 

 

6. Mitochondrial dysfunction 

 With aging, mitochondrial function deteriorates partly due to increases in reactive oxygen 

species and reduced mitochondrial proteostasis91. Interestingly, another hallmark of 

mitochondrial aging is the permeabilization of the mitochondrial membrane which can lead 

mitochondrial DNA (mtDNA) leakage into the cytosol and trigger the cGAS-STING pathway, as 

described above66. Mitochondrial dsRNAs, derived from aberrant transcription of mtDNA, can 

also travel through the permeable membrane and set off dsRNA immune sensors such as 
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mitochondrial antiviral signaling protein (MAVS), which is located on the outer membrane of the 

mitochondria, and this can initiate a proinflammatory response92. These events involve 

mtDNA/RNA rather than TEs per se, but they reflect the fact that mitochondrial dsRNAs can 

activate similar pro-inflammatory pathways as TE-derived cDNA/dsRNAs. Recent evidence, 

however, also shows that TEs can interact with mitochondria and contribute to their dysfunction 

during aging, perhaps via some of these same pathways13. For example, the transfection of Alu 

elements into retinal pigment epithelial cells causes mitochondrial dysfunction by increasing 

reactive oxygen species (ROS) and activating the inflammasome and apoptosis, in part via 

MAVS-related pathways93. Interestingly, Alu elements also appear to be enriched in genes that 

are involved in mitochondrial function94, and it has been hypothesized that Alu-mediated 

mitochondrial dysfunction (perhaps via Alu effects on gene expression/function) may contribute 

to neurodegenerative disease94. Together, these limited data suggest that TEs might contribute 

to mitochondrial dysfunction and dysregulation by several mechanisms including the production 

of ROS.  

 

7. Stem cell exhaustion 

 Aging is associated with reduced cell renewal and organ tissue/repair22. Interestingly, 

active TE insertions (e.g., of LINE-1) play an important role in the development of induced 

pluripotent stem cells (that can differentiate into any cell in the body)95, and the partial 

derepression of TEs may be important for embryonic development and gametogenesis96. These 

results provide insight into mechanisms by which TEs affect stem cells in the context of 

development, but the links between stem cell exhaustion and TEs in aging/disease are not well 

understood. Evidence shows that mechanisms preserving somatic cell integrity are important for 

stem cell maintenance during aging, and several genomic regulatory mechanisms (e.g., Piwi 

and RNA interference) are present to help preserve heterochromatin maintenance and suppress 

retrotransposon activation in advanced age98.  Limited evidence suggests that the derepression 
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of retrotransposons combined with reduced activity of Piwi may contribute to stem cell 

exhaustion in advanced age by causing germline stem cell loss and activating immune 

signaling99. As such, there may be divergent roles of TEs in stem cell function/regulation during 

development and aging, and more research is necessary to determine whether TE activation 

contributes to age-related stem cell exhaustion.  

 

The role of TEs in age-related disease 

 The role of TEs in age-related diseases has been thoroughly reviewed elsewhere18,100, 

particularly in the context of brain aging and neurodegeneration101-104. So far, TEs have been 

associated with  macular degeneration105, frontotemporal degeneration/amyotrophic lateral 

sclerosis106-108, Alzheimer’s disease (AD)72,109 and age-related cognitive decline110. Emerging AD 

research suggests that pathogenic tau protein aggregation, a well-known characteristic of AD, 

drives heterochromatin decondensation and TE/retrotransposition activation109.  

 In addition to brain aging/neurodegeneration, TEs are involved in cancer, but the 

mechanisms of their involvement are complex.  On one hand, LINE-1 transcripts may contribute 

to inflammation and cell proliferation that precedes cancer growth6,111. On the other hand, some 

studies suggest that the interferon responses stimulated by TE activation may actually increase 

tumor cell death and surveillance, which would be protective against cancers112,113. Similar 

observations have been made with regards to other diseases of aging6,114, and the relationship 

between TEs and cancer and likely depends on cell type and TE type. Thus, while derepression 

of TEs clearly occurs with age and in some age-related diseases, the specific mechanisms 

connecting TEs to disease pathology are still being elucidated.  
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Targeting TEs to improve healthspan  

 In addition to the growing evidence linking TE dysregulation with aging and disease, 

recent studies support several emerging therapies for targeting age-related TE dysregulation to 

reduce age-related adverse cellular events and diseases.  

 

Nucleoside reverse-transcriptase inhibitors (NRTIs): NRTIs may protect against TE 

accumulation by preventing TE transcripts from being reverse transcribed into cDNA, which can 

either re-integrate into the genome, or escape the nucleus and cause cellular inflammation, as 

described above. Several reports show that NRTIs attenuate proinflammatory pathways 

associated with inflammaging (e.g., cGAS-STING), suggesting that these compounds may have 

the potential to increase healthspan. These studies have shown that NRTI supplementation 

reduces inflammation and, in some model organisms, increases health/lifespan. For example, in 

one study, the NRTI 3TC reduced LINE-1 copy number in the genome, and this was associated 

with reduced inflammation and senescence/SASP67. In other studies, the NRTI 3TC was shown 

to improve health and motor function progeria mice115, increase lifespan in flies28, and improve 

cognitive function in a mouse model of accelerated aging by reducing inflammation/immune 

responses116. Finally, recent studies from our lab and others’ showed that 3TC improves 

cognitive function/memory, protects neuronal health/function, and reduces inflammation/immune 

response in old wild-type mice70,110. It is important to note, however, that several studies have 

shown adverse metabolic/mitochondria-related side effects of 3TC and other NRTIs117. As such, 

future work should examine the role of 3TC and other NRTIs on mitochondria and the 

metabolome118, as this could provide insight on the therapeutic potential for NRTIs in the context 

of aging/disease.   

 

Calorie restriction (CR): CR is defined as a total caloric reduction by 10-40% without 

malnutrition, and it has been shown to improve healthspan and lifespan in many pre-clinical 
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models and humans119. We recently reported that long-term 20% CR reduces global levels of 

TE transcripts in mice5, and others have shown that CR reduces retrotransposition in aging 

mouse tissues16. Growing evidence also suggests that CR might reduce TE transcripts by 

activating the nutrient sensing pathways and remodeling chromatin during aging120. As 

described above, this chromatin remodeling might have a direct impact on TE activation via 

genome wide alterations in DNA methylation121. While more research should be completed in 

this area (e.g., evaluating short- vs. long-term and/or different degrees of CR) and CR is not a 

“TE-specific” therapy, these emerging results suggest that CR, which is a robust treatment to 

prevent disease in pre-clinical models, might partly provide its beneficial effects by acting on 

TEs.  

 

Exercise: Like CR, exercise is a robust intervention or lifestyle approach to promote healthy 

aging122. Our lab demonstrated that habitual exercise is associated with reductions in TE 

transcripts in peripheral blood mononuclear cells (PBMCs) in older humans. These reductions 

were also related to higher maximal aerobic capacity (VO2max, a predictor of healthspan)5. 

Another study demonstrated that resistance training downregulates skeletal muscle LINE-1 

activity123. The mechanistic links between exercise and genome maintenance/TE activation are 

unclear. However, like CR, exercise is associated with improved methylation profiles and 

heterochromatin maintenance124, and these effects are most likely mediated by the same 

nutrient sensors (e.g., sirtuins and AMPK) described above.  

 

DNA methyltransferase (DNMT) activators: DNMTs are responsible for methylating genes and 

TEs38, and their activity decreases with age125,126. Recent studies in mice have demonstrated 

that DNMTs are critical to promote DNA methylation and that the loss of DNMT function (via 

Dnmt1 genetic knockdown) increases inflammation and reduces health and cognitive 

function127. Studies like this have not investigated TEs specifically, but their findings are 



 17  

consistent with the idea that DNMT activators could help restore/maintain TE methylation with 

aging (and therefore reduce downstream inflammation/immune activation). Additional work in 

model organisms (and eventually humans or at least human cells) is needed to determine 

whether DNMT activators are a safe intervention for improving healthspan/lifespan, and the 

extent to which TE repression may be involved.   

 

Anti-aging compounds: Several anti-aging compounds that extend health/lifespan are supported 

by strong evidence. These include rapamycin, acarbose, 17 alpha-estradiol, and Protandim128. 

Our lab has shown that both short-term and long-term supplementation with these compounds 

reduces global levels of TE transcripts in the liver (a key metabolic organ), and that some of 

these effects are associated with gene signatures consistent with improved DNA repair and 

reduced inflammation/immune activation5. Importantly, these compounds have also been shown 

to directly modulate the hallmarks of aging. Together, these observations: 1) further support the 

idea that TEs interact with key mechanisms of aging; and 2) suggest a common or conserved 

pathway that links TE activation with these aging drivers. Determining what these common 

pathways may be is a key direction for future research and could be accomplished using 

experimental designs that directly target TE activation (via reverse transcriptase inhibition or 

DNMT inhibitors, etc.) and interrogate each hallmark of aging simultaneously.  

 

Summary 

 In summary, TE activation/accumulation is linked with many hallmarks of aging. The 

strongest and most recent evidence suggests strong links among TE activation/accumulation, 

epigenetic alterations (chromatin dysregulation and alterations in DNA methylation), 

senescence/SASP, and chronic inflammation. Current research is focusing on the mechanisms 

by which TE accumulation/activation affects the other hallmarks of aging, but these mechanisms 

remain less clear, especially for “newer” hallmarks of aging not discussed here (e.g., dysbiosis). 
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Interventions that reduce global levels of TE transcripts and improve healthspan include NRTIs, 

non-pharmacological approaches like CR and exercise, and anti-aging compounds. Identifying 

additional interventions that target TEs might have therapeutic promise for improving health in 

older age. 
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CHAPTER 2: NOVEL WHOLE BLOOD TRANSCRIPTOMIC PREDICTORS OF CHANGES IN 
MAXIMAL AEROBIC CAPACITY IN RESPONSE TO ENDURANCE EXERCISE TRAINING IN 

HEALTHY WOMEN 
 
 

 
Introduction 

 Maximal aerobic capacity (V̇O2max) is one of the strongest independent predictors of 

morbidity and mortality1, and aerobic (endurance) exercise training is the primary strategy for 

increasing V̇O2max2. However, improvements in maximal aerobic capacity (ΔV̇O2max) in 

response to endurance exercise training vary widely among individuals exposed to the same 

standardized training program3-5. Despite extensive interest in this phenomenon, the specific 

biological mechanisms associated with this inter-individual variability remain largely unknown. 

As a result, there is significant interest in using “omics” approaches to identify novel biological 

mechanisms and potential predictors of ΔV̇O2max6,7.  

Ideally, omics signatures of ΔV̇O2max would provide insight on mechanisms of inter-

individual variability and be both reproducible across studies and detectable in easily collected 

samples. For example, recent data demonstrate that plasma proteome signatures related to 

muscle physiology differ in subjects who experience greater vs. lesser ΔV̇O2max in response to 

training, and that these signatures can be used to predict ΔV̇O2max in multiple datasets8. 

Similar insight has not been achieved at the upstream gene expression level, in part because 

transcriptome studies of ΔV̇O2max have been somewhat limited in scope and based on 

microarrays3,9,10. However, newer and more comprehensive transcriptomics techniques could 

help identify novel gene expression signatures that provide insight in this context. Here, we 

report on a pilot transcriptome study to identify gene expression signatures of ΔV̇O2max using 

comprehensive high-throughput sequencing. We performed RNA-seq on easily accessible 

whole blood samples, which have the potential to reflect systemic inter-individual differences in 

biology11, obtained from a randomized controlled trial of aerobic exercise training in which we 

also measured ΔV̇O2max in response to lower vs. higher training volume and intensity. The 
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goals of our analyses were to determine if differences in baseline gene expression: 1) are 

associated with greater vs. lesser ΔV̇O2max in response to exercise training; 2) are modulated 

by exercise training volume and intensity; 3) provide insight on potential mechanisms of inter-

individual differences in ΔV̇O2max; and 4) have the potential to predict V̇O2max responses to 

exercise training.  

 

Methods 

Exercise intervention trial 

 Samples for this study were obtained from a randomized clinical trial (NCT02032628, 

clinicaltrials.gov) designed to evaluate the protective effects of different durations and intensities 

of exercise training on breast cancer risk factors, described in detail elsewhere12,13. The study 

was approved by the Institutional Review Board at the University of Colorado Boulder and 

performed in accordance with the Declaration of Helsinki. Briefly, healthy (body mass index 

[BMI] < 29.0 kg/m2 and absence of metabolic or cardiovascular disease), sedentary (<60 

min/week aerobic exercise) women aged 30-45 years visited the laboratory after an overnight 

fast for baseline venous blood draws (collected in PaxGene RNA tubes, BD Biosciences) and 

then V̇O2max measurements via incremental treadmill testing (Balke protocol). Participants 

were randomized to one of four aerobic exercise training (treadmill walking or running) groups 

for a 16-week supervised intervention: 1) higher volume/higher intensity (40 min at 75-85% 

V̇O2max); 2) higher volume/lower intensity (40 min at 55-65% V̇O2max); 3) lower volume/higher 

intensity (20 min at 75-85% V̇O2max); and 4) lower volume/lower intensity (20 min at 55-65% 

V̇O2max). Intensity prescriptions were based on current guidelines and calculated using the 

heart rate (HR) reserve method to estimate %V̇O2max14,15, and HR monitors were used to 

ensure maintenance of HR within ±5% of target intensity. Participants visited the laboratory to 

complete four supervised training sessions per week, and attendance and target intensity 
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adherence were documented. Blood sampling and V̇O2max testing were repeated 48 hours 

after the final exercise training session to avoid acute effects on the transcriptome. For the 

present analyses, we selected 15 participants from the larger study with robust improvements in 

V̇O2max (RR, ΔV̇O2max ≥ 15%) and 15 with minimal/no change or a modest decrease in 

V̇O2max (NR, ΔV̇O2max ≤ 5%), with both groups including subjects from each of the four 

exercise training conditions. Sample size for this pilot study was chosen based on costs and 

reports from our lab and others demonstrating gene expression differences in peripheral blood 

cells with n ≤ 10/group9,10,16. Group composition was matched for phenotypic characteristics 

including age, BMI, systolic and diastolic blood pressure, training-induced weight change, 

training adherence, voluntary effort (maximal rate of perceived exertion [RPE]) and objective 

measures of effort (maximal respiratory exchange ratio [RER]) in V̇O2max tests.  

 

RNA extraction, sequencing and bioinformatics analyses 

 Poly(A) RNA-seq was performed as previously described16. Briefly, RNA was recovered 

from PaxGene blood collection tubes using PaxGene-specific isolation kits (Qiagen), and RNA 

libraries were generated using Illumina TruSeq kits and sequenced on an Illumina NovaSeq 

6000 platform to produce >40M 151-bp, paired-end reads per sample. Differential gene 

expression was analyzed using standard techniques as previously reported16. Reads were 

trimmed and quality filtered with fastp17 then aligned to the human genome (hg38 Homo 

sapiens) using the STAR aligner18 with --outFilters adjusted to maximize unique mapping and 

reads mapping to globins were removed prior to downstream analyses. Differentially expressed 

genes were then identified using DESeq219 for R. Gene ontology (GO) analyses were 

performed with g:Profiler20, and the most specific GO modules were identified as terminal GO 

terms in the output produced using the GO.db R program. These GO modules were collapsed 

to identify key processes using REVIGO21 prior to process mapping/clustering with the 

Enrichment Map program in Cytosape22, and hub names were simplified manually for clarity.  
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Statistical analyses 

 Significantly differentially expressed genes (DEGs) were identified using a false 

discovery cutoff (FDR) of 0.05 and GO enrichment statistics were extracted from g:Profiler 

output. Group differences in RR/NR gene sets were analyzed by Mann-Whitney t-test vs. mean 

Log2 Fold-Difference for all transcripts within the same group using GraphPad Prism. JMP 

software was used to calculate simple Pearson correlations among the top 5000 DEGs in data 

from this and the second study analyzed (described below), and for regression analyses of 

gene/transcript predictors of ΔV̇O2max. For data from the present study, an unbiased LASSO 

regression model was used to avoid overfitting with all DEGs, a normal response distribution 

and AICc validation. The same predictor genes identified in this analysis were entered into a 

forward stepwise regression model with JMP default p-value thresholds of 0.25 to enter and 

0.10 to leave in secondary dataset analyses.  

 

Study data 

 Transcriptome data for this study are available on the Gene Expression Omnibus (GEO) 

website under accession number GSE206505, and DEGs from all analyses are presented in 

Supplementary Data (URL: 

https://figshare.com/articles/dataset/Supplementary_materials_5_25_23/23202659, DOI: 

https://doi.org/10.6084/m9.figshare.23202659). Previously published RNA-seq data on gene 

expression changes in muscle with exercise training are available under GEO accession 

number GSE97084, and related ΔV̇O2max data (shared by authors M.M.R. and K.S.N.) are 

available in Supplementary Data. 

 

Results 

 As described above, in the parent study, participants were randomly assigned to one of 

four training groups for a supervised, 16-week aerobic exercise intervention (Figure 2.1A). 219 



 31  

women enrolled in the study, and ~55% completed all post-testing (Supplementary Data). 

Details on the overall study, including attrition analyses showing no substantial differences 

among participants have been reported on elsewhere12,13. At baseline, there were no significant 

differences in V̇O2max among the four training groups. V̇O2max increased with training in all 

groups in an exercise intensity-dependent manner, consistent with previous reports2,4. However, 

within each condition and the overall group, we observed individual training-induced ΔV̇O2max 

values that ranged from robust increases to little/no change or modest decreases (Figure 2.1B), 

consistent with other published data3,9,10,23.  

 

Figure 2.1. Aerobic exercise training dose-response study design, and inter-individual 
variability in ΔV̇O2max with exercise training. (A) Subjects completed baseline V̇O2max tests 
and blood sampling and were randomized to training groups. Following 16 weeks of supervised 
exercise training, post-training V̇O2max testing and blood sampling were performed. RNA-seq 
analyses were performed on whole blood samples collected prior to baseline V̇O2max tests and 
48 hours after post-training tests. (B) Aerobic exercise training-induced ΔV̇O2max in all 120 
subjects who completed the study. HV-HI, high-volume/high-intensity; HV-LI, high-volume/low-
intensity; LV-HI, low-volume/high-intensity; LV-LI, low-volume/low-intensity. 
 

 Differences in ΔV̇O2max in the overall study were not related to baseline V̇O2max or 

other clinical variables. Therefore, to gain insight into the biological mechanisms underlying this 

inter-individual variability, we selected a subset of subjects including 15 participants with robust 

ΔV̇O2max responses (RR, ΔV̇O2max ≥ 15%) and 15 with minimal/no response (NR, ΔV̇O2max ≤ 

5%) for further analyses. RR and NR subgroups had similar clinical characteristics and age (36 

and 39 years, respectively) at baseline (Table 2.1). However, the RR group demonstrated a 

mean ΔV̇O2max of +19.1% in response to training, whereas V̇O2max did not change in the NR 
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group (mean ΔV̇O2max = +0.003%). The lack of increase in V̇O2max with training in the NR 

group was observed despite the group having ~13% lower baseline V̇O2max compared with the 

RR group, which, per the law of initial values, should have exerted the effect of increasing 

V̇O2max to a greater extent with training. In other words, subjects with lower baseline V̇O2max 

would have been expected to experience greater improvements than those with higher baseline 

values, as reported elsewhere24. Importantly, ΔV̇O2max in these groups was only modestly and 

positively related to baseline V̇O2max (R2 = 0.19), and group differences were not due to: 

different training programs (subjects were distributed similarly across all four training groups); 

differences in adherence, as all subjects completed >85% of all prescribed training sessions 

(average of 89.1% and 86.3% for RR and NR, respectively); differences in voluntary effort 

during treadmill testing (as indicated by maximal HR, RPE and RER); or differential changes in 

clinical or physiological markers with training (e.g., BMI, resting blood pressure), all of which 

were similar before and after training among groups. 

             Table 2.1. Effects of 16-week aerobic exercise intervention in all RR and NR. 

 Responders Non-Responders 

Age (years) 36 ± 5 39 ± 4 

 Pre Post Pre Post 

BMI (kg/m2) 26.1 ± 3.4 25.8 ± 3.1 28.1 ± 5.5 27.7 ± 5.5 

Systolic BP (mmHg) 115 ± 7 115 ± 7 116 ± 7 117 ± 10 

Diastolic BP (mmHg) 72 ± 7 72 ± 8 72 ± 7 74 ± 7 

V̇O2max (ml/kg/min) 32.7 ± 4.8 38.0 ± 5.9* 28.4 ± 4.4† 28.8 ± 3.8† 

Max HR (bpm) 184 ± 8 181 ± 9* 178 ± 12 175 ± 13* 

Max RPE (1-10 scale) 8.9 ± 1.5 7.9 ± 1.6 9.0 ± 1.3 8.4 ± 1.5 

Max RER (VCO2/V̇O2) 1.1 ± 0.0 1.1 ± 0.1 1.1 ± 0.3 1.2 ± 0.3 

             Values are means ± SD.   
                   *P <0.05 vs. Pre within same group.  
                  †P <0.05 vs. RR within same condition. 

 Despite RR and NR subjects being matched for age, BMI, and resting blood pressure, 

we found significant transcriptome differences at baseline (i.e., prior to training, Figure 2.2A), 

with >700 DEGs having higher expression and >1400 DEGs have lower expression in RR vs. 

NR (Supplementary Data). To confirm that these differences were specific to ΔV̇O2max (and 
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not simply due to gene expression variability among all subjects or library preparation artifacts), 

we compared transcriptomes in subjects with higher vs. lower baseline V̇O2max (top vs. bottom 

50% of all subjects), and we found few differences. In RR vs. NR at baseline, GO analyses 

showed that DEGs were associated with numerous biological processes relevant to exercise 

physiology. The most specific of these cellular processes included chromatin/epigenetic 

processes and innate immune/inflammatory signaling (increased), as well as numerous 

signatures of redox and mitochondrial function (decreased) (Figure 2.2B). Increased DEGs in 

RR vs. NR were also associated with additional processes related to epigenetics and gene 

expression (e.g., histone modifications), whereas decreased DEGs were associated with 

multiple signatures of protein translation and metabolism. Enrichment mapping of these GO 

terms together revealed one cluster of immune/inflammation signaling linked with most 

processes related to the control of gene expression, as well as multiple mitochondria- and 

translation-related processes that were largely separate from this cluster (Figure 2.2C). These 

findings could suggest that inflammatory gene expression in the RR phenotype may be due to 

epigenetic events (e.g., differences in histone or DNA modifications that can result in changes in 

gene transcription)25, and perhaps that separate events underlie reduced transcription and 

translation of mitochondria-related genes in RR. In any case, consistent with the idea that these 

gene expression differences we observed may be biologically relevant, we also found that 

DEGs in RR vs. NR at baseline were dose-dependently modulated by exercise training in all 

subjects (Figure 2.2D). That is, with higher training intensity and volume, the significantly “up” 

DEGs in RR at baseline were more reduced, whereas the significantly “down” DEGs in RR at 

baseline were more increased.  
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Figure 2.2. Transcriptomic differences between RR and NR before training. (A) MA plot 
showing relative gene/transcript expression detected by RNA-seq on whole blood samples in 
RR vs. NR before exercise interventions (red points, significantly greater; blue points 
significantly lower; FDR<0.05). (B) The most specific biological processes related to increased 
and decreased transcripts before training (i.e., those enriched or depleted in RR vs. NR). (C) 
Simplified enrichment map of all GO/gene expression. (D) Effects of the different aerobic 
exercise training interventions on genes/transcripts significantly increased (left) and decreased 
(right) in RR vs. NR at baseline. *p<0.05, **p<0.01 vs. average Log2Fold change within each 
training group. 
 

 Finally, to determine which gene expression patterns in RR vs. NR might be reproducibly 

associated with ΔV̇O2max, including in different tissues, we compared our findings to RNA-seq 

data from a previously published study of skeletal muscle transcriptome responses to exercise 

training26. In the original study, the authors did not report on RR vs. NR phenotypes; however, 

gene expression changes with exercise training included differences in transcripts related to 

inflammation, mitochondria and protein translation26. In data shared by the authors, we also 

found that aerobic training was associated with a range of ΔV̇O2max responses that were not 

related to baseline V̇O2max (Supplementary Data). Therefore, we asked which of the most 

increased/decreased genes in RR vs. NR in the present study were related in either direction to 
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ΔV̇O2max in this second, published dataset. Overall, we found a greater number of individual 

genes/transcripts that were negatively vs. positively related to ΔV̇O2max in both datasets 

(Figure 2.3A). Moreover, whereas genes/transcripts positively related to ΔV̇O2max in both 

datasets were weakly associated with generic GO biological processes, transcripts negatively 

related to ΔV̇O2max strongly reflected mitochondrial function and protein translation (Figure 

2.3B). Additionally, in multiple regression analyses (LASSO penalized regression model to 

avoid overfitting3,8), we were able to identify a regression model based on 14 transcripts that 

strongly predicted ΔV̇O2max in the present study (R2 = 0.89, Figure 2.3C and Supplementary 

Data), and only 4 of the transcripts in this model were necessary to predict ΔV̇O2max in the 

second dataset using stepwise regression (R2 = 0.65, Figure 2.3C). Interestingly, 

genes/transcripts that contributed to both prediction models included NEB, a sarcomere 

contractile protein linked with mitochondrial function27, and TNFRSF10B, which has been 

implicated in cell death-associated mitochondrial dysfunction28. Taken together, these findings 

suggest that mitochondria/protein translation-related gene expression may be an important 

systemic mediator of V̇O2max responses to training, and that this may even be reflected in the 

circulating transcriptome.  

Figure 2.3. Genes related to ΔV̇O2max are mostly associated with mitochondrial 
function/translation and can be used to predict V̇O2max training responses. (A) 
Genes/transcripts among the top 5000 DEGs in RR vs. NR that were positively and negatively 
related to ΔV̇O2max in both the present study and a second dataset (muscle biopsies from 
young and older adults, n=18, males and females)26. (B) The most specific biological processes 
reflected by transcripts positively and negatively related to ΔV̇O2max in both datasets (in panel 
A overlap regions). (C) Predicted vs. actual change in V̇O2max with exercise based on a 
regression model derived from genes differentially expressed in RR vs. NR at baseline in blood 
(present study, top), and a subset of the same genes/transcripts used to predict ΔV̇O2max in the 
second dataset on muscle (bottom).  
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Discussion 

 V̇O2max is a powerful predictor of morbidity and mortality risk, and a strong indicator of 

overall functional capacity1. As such, understanding inter-individual variability in exercise 

training-induced ΔV̇O2max is an important biomedical research goal3,7. In this pilot study, 

leveraging samples from an exercise intervention trial with a dose-response paradigm12,13, we 

present an RNA-seq analysis of ΔV̇O2max transcriptome signatures in whole blood. Our key 

findings are that: 1) gene expression signatures at baseline are different in subjects who 

respond to training with marked vs. little/no increase in V̇O2max; 2) these genes/transcripts are 

associated with biological processes relevant to cardiorespiratory fitness, most notably 

mitochondrial/protein translation-related gene expression; 3) greater exercise dose (duration 

and intensity) modulates ΔV̇O2max-related transcripts to a greater degree; and 4) these pre-

training transcriptome differences can be used to predict ΔV̇O2max among individuals. Our 

findings contribute to the evolving literature on this clinically relevant topic.  

Early evidence of inter-individual variability in training-induced ΔV̇O2max came from 

small exercise intervention trials4,29, and findings were later confirmed in larger multi-center 

trials3,5 that led to genome-wide association studies (GWAS) of ΔV̇O2max predictors23. 

However, genes/variants linked with ΔV̇O2max in these reports were not always clearly related 

to physiological determinants of cardiorespiratory fitness or reproducible in other settings3,23. As 

a result, in part, recent work has focused on “omics” approaches that may provide more direct 

insight into the biology of ΔV̇O2max variability3,7. For example, Robbins et al.8 recently identified 

plasma proteome signatures associated with V̇O2max and exercise training-induced ΔV̇O2max, 

and several specific proteins were related to muscle physiology and predictive of ΔV̇O2max in 

other datasets. Most work at the upstream, gene expression level has not been as definitive, in 

part because early transcriptome studies of ΔV̇O2max were small and based on transcript-

limited microarrays3,9,10. As such, our findings may be an important extension on the current 

literature. We used RNA-seq to profile the entire transcriptome in blood samples from a clinical 
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trial of aerobic exercise training in healthy, middle-aged, previously sedentary women, a 

historically under-studied group in exercise-related omics research. Also, in contrast to previous 

studies using one standardized dose of exercise, our supervised intervention trial included two 

different training volumes and intensities (four groups, fully crossed). We were able to leverage 

this trial design to identify novel transcriptomic signatures of ΔV̇O2max. In fact, we found several 

thousand genes/transcripts that were differentially expressed before exercise training in 

ΔV̇O2max responders. These transcripts were associated with biological processes including 

inflammation and mitochondrial function (both relevant to cardiorespiratory fitness30) and 

modulated by aerobic exercise training in a dose-dependent fashion. Interestingly, most adverse 

processes like inflammation/immune signaling and DNA damage responses (which could reflect 

exercise-associated repair processes) were enriched in RR vs. NR at baseline, whereas 

mitochondria/oxidative metabolism-related processes (which play a key role in aerobic fitness) 

and protein translation were mostly decreased. Reduced expression of mitochondria/protein 

translation-related genes was also the dominant pre-training transcriptome signature of 

ΔV̇O2max, both in our study and a second RNA-seq dataset based on muscle. The implications 

of these findings are unclear, but one possible interpretation is that gene expression may be 

more dynamic and responsive to interventions in RR. It also is possible that exercise can induce 

greater increases in mitochondria and translation-related transcripts when they are expressed at 

lower levels before training. This idea would be consistent with many other studies documenting 

the importance of increased mitochondrial function and protein translation in the physiological 

adaptations to exercise30,31, including the secondary dataset we analyzed here26. Future studies 

are needed to confirm these transcriptomic differences, including in different subject populations 

(e.g., males, older adults, etc.) and in response to different training approaches.  

Interestingly, we found no gene expression signatures associated with baseline V̇O2max, 

and aside from the differences observed in ΔV̇O2max-related transcripts, the exercise 

interventions in our study were associated with mostly modest changes in gene expression 
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(which is consistent with previous reports). These observations further underscore the 

transcriptomic differences we observed in RR vs. NR at baseline and suggest that inflammation- 

and especially mitochondria/protein translation-related gene expression in blood may be central 

to inter-individual variability in training-induced ΔV̇O2max. In this context, one limitation of our 

study is that the parent clinical trial did not include biomarker sampling (e.g., for circulating 

cytokines, myokines or metabolites related to mitochondria and protein synthesis), which could 

be a promising direction for future work.  

A long-term goal of omics-based investigations of inter-individual variability in ΔV̇O2max 

is to identify reproducible predictors of exercise training responsiveness. These could be useful 

for individualizing exercise prescriptions (i.e., “precision exercise medicine”)7, especially given 

that baseline V̇O2max does not always predict responses to training, and/or in settings where 

exercise testing is not safe or feasible. Circulating predictors could be particularly helpful in this 

context, as they are easy to access and have the potential to reflect signals from multiple 

tissues. Here, we found that pre-training gene expression signatures in whole blood from 

previously sedentary females could be used to predict training-induced ΔV̇O2max more 

accurately than baseline V̇O2max measurements (R2 = 0.89 vs. 0.19). A subset of the predictor 

genes/transcripts we found could also be used to predict ΔV̇O2max in a second RNA-seq 

dataset based on muscle that included both males and females of different ages. Although most 

RNA in such samples would be expected to originate from white blood cells, these results 

suggest that with comprehensive RNA-seq analyses of the whole blood transcriptome, it may be 

possible to detect transcripts that reflect systemic differences in the biological processes 

contributing to exercise training responsiveness. In this context, futures studies could benefit 

from: 1) including RNA-seq on blood and other tissues from the same subjects to identify tissue-

specific transcripts; and/or 2) specifically examining the contribution of cellular vs. circulating 

RNAs (e.g., in exosomes, which are thought to mediate inter-organ communication, or by using 

dedicated cell-free RNA blood collection tubes). Future work could also investigate upstream 
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mediators of transcriptomic differences in RR vs. NR, perhaps using multi-omics approaches to 

also profile the epigenome, especially given our observation that epigenetics-related 

transcriptome modules were altered in RR vs. NR. In these efforts, demonstrating reproducibility 

will be critical, especially for transcriptome-based ΔV̇O2max predictors, as RNA-seq studies 

involve many methods-related variables that may differ among laboratories and the technique 

itself is not quantitative per se. However, progress in this area would contribute significantly to 

our understanding of the mechanisms underlying inter-individual variability in the response to 

exercise training, and potentially to our ability to develop personalized exercise prescriptions for 

improving health and reducing disease risk. 
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CHAPTER 3: REPETITIVE ELEMENT TRANSCRIPT ACCUMULATION IS RELATED TO 
INFLAMMAGING IN HUMANS 

 
 
 

Introduction 

 Advancing age is the primary risk factor for most chronic disorders including metabolic, 

cardiovascular, and neurodegenerative diseases, and chronic, low-grade inflammation is a 

central mechanism of aging that drives the development of these diseases1. This “inflammaging” 

contributes to impairments in multiple domains of physiological function (e.g., cognitive and 

motor performance) that predict the risk of disease. As a result, determining the underlying 

causes of age-related inflammation is a major goal of current geroscience2. Advances in next-

generation sequencing have provided important insight on transcriptomic and epigenetic 

changes upstream of cellular inflammation and physiological dysfunction. However, most 

studies have focused on protein-coding genes, which make up only ~2% of the human 

genome3,4.  

One particularly overlooked fraction of the human genome is composed of non-coding, 

repetitive sequences known as repetitive elements (RE). RE account for ~60% of the human 

genome and can be divided into sub-types including transposons, retrotransposons, structural 

sequences like satellites, and others4,5. These repetitive sequences are typically epigenetically 

suppressed, but growing evidence indicates that RE transcripts accumulate with age6-8 and 

contribute to several processes that are hallmarks of aging9-11, including pro-inflammatory 

signaling. For example, others have shown that inhibiting retrotransposons, such as LINE-1, 

reduces inflammation with aging in cells and model organisms10. We also recently reported that 

RE transcript expression is sensitive to healthspan modifiers such as habitual exercise (which 

reduces inflammation and is associated with lower RE transcript levels in humans) and high-fat 

diet (a pro-inflammatory stress that increases RE transcripts in mice) 6. Furthermore, we found 

that RE transcript levels were reduced by rapamycin, calorie restriction and acarbose (lifespan-
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extending interventions), and that genes/transcripts reduced in parallel with RE in response to 

these interventions were largely related to inflammation6.  

Despite evidence linking RE dysregulation, aging, and inflammation in cells and model 

organisms, clinical data in support of this idea are lacking. There also is limited information on 

specific pathways by which RE transcripts may contribute to inflammaging in humans, although 

two likely mechanisms5 include: 1) some RE transcripts (particularly those from 

retrotransposons) can be reverse-transcribed, leading to cytoplasmic complementary DNA 

(cDNA), a virus-associated molecular pattern that can activate innate immune sensors and 

subsequent inflammatory signaling12; and/or 2) palindromic or partially self-complementary RE 

transcripts can form endogenous double-stranded RNA (dsRNA), another virus-associated 

molecular pattern that activates cellular inflammatory responses via dsRNA sensors13. It also is 

possible that both of these processes occur during aging, and that a combination of 

endogenous, RE-derived cDNA and dsRNA eventually exceeds a cellular “self-tolerance” 

threshold, leading to inflammatory signaling5,14.  

Finally, upstream of RE transcript-induced inflammation, the exact mechanisms of age-

related RE dysregulation are also unclear. RE are typically located in epigenetically suppressed 

regions of the genome, characterized by DNA methylation and heterochromatinization that 

inhibit transcription. Age-related DNA hypomethylation and loss of heterochromatin are 

established hallmarks of aging, and it is possible that these changes underlie RE transcript 

accumulation with aging15-18. However, again, whether these events are associated with RE 

transcript dysregulation and inflammaging in humans is unknown. Here, we present new 

transcriptomic and clinical data showing that RE transcript levels are associated with age-

related inflammation in humans and related to the expression of multiple cDNA and dsRNA 

innate immune sensors. We also present new RNA-seq data from an exercise intervention 

study and show that this healthspan-extending intervention decreases RE transcript levels, and 
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we use these findings as a framework for examining epigenetic changes that may contribute to 

age-related RE transcript dysregulation.  

 

Methods 

Human subjects and samples 

 Samples for this study were obtained from several previously conducted clinical trials19-

26. All study procedures conformed to the Declaration of Helsinki and were approved by the 

Institutional Review Board of the University of Colorado Boulder. Written informed consent was 

obtained from all subjects. 

 

Older adult samples: RNA-seq was performed on peripheral blood mononuclear cells 

(PBMC) collected from 90 middle-aged and older adults (aged 45 to 79 years) prior to the start 

of any intervention studies. All subjects were healthy as assessed by medical history and 

physical examination, absence of chronic or age-related disease, and body mass index (BMI) 

less than 29 kg/m2. Subjects were also sedentary as defined by self-reported exercise less than 

2 d/week and less than 30 min/day. Basic clinical measurements (e.g., blood pressure) were 

performed using standard techniques, and cognitive and motor/physical functions were 

assessed using the NIH Toolbox testing batteries as previously described27,28. Maximal oxygen 

consumption (VO2max) was assessed during treadmill exercise (Balke protocol) as previously 

described29. Blood samples were obtained from fasted subjects via venipuncture for 

measurements of standard markers of health (e.g., cholesterol) using standard procedures and 

inflammation (e.g., serum IL-6) via high-sensitivity ELISA. PBMC were isolated by traditional 

Ficoll gradient centrifugation, and RNA-seq and gene/RE expression analyses were performed 

using standard methods described below.  
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Exercise training intervention samples: RNA-seq and whole-genome bisulfite 

sequencing (WGBS, to profile methylation) were also performed on PBMC collected as above 

from healthy, sedentary, young adults (29 ± 1 years, n=10, reference controls), and from 

healthy, sedentary, older adults (72 ± 3 years, n=13) before (pre) and after (post) 16 weeks of 

supervised aerobic interval training (treadmill walking/running at different intensities, 3 days per 

week) 25,26.  

 

Sequencing and bioinformatics analyses 

 RNA sequencing and analyses: RNA isolation and transcriptome analyses were 

performed as previously reported6,7,30. RNA was isolated from snap-frozen PBMC using Trizol 

(Thermo) and a spin column kit (Direct-Zol, Zymo Research) that included a DNase I treatment 

to remove genomic DNA. To capture as many genes and RE transcripts as possible, and 

because samples had been stored for several years (RNA integrity numbers 5-8), RNA libraries 

were generated using Takara Pico total RNA (low-input ribo-depletion) kits. All libraries were 

sequenced on an Illumina NovaSeq 6000 platform to produce >40 M 151-bp paired-end fastq 

reads per sample. RE transcripts were analyzed with both the TEtranscripts31 and RepEnrich232 

programs to confirm similar findings with different analysis pipelines7,30, but primary data are 

from TEtranscripts, which produced fewer TE counts on average. Briefly, RNA-seq reads were 

trimmed and quality filtered with fastp33, then aligned to the human genome (hg38 Homo 

sapiens) using STAR followed by gene and RE count generation with TEtranscripts31. To 

compensate for RNA quality due to due to long-term storage, the following STAR parameters 

were used during alignments to maximize uniquely mapping reads and generate multi-mapping 

counts as suggested in the TEtranscripts manual: --outFilterScoreMinOverLread 0.3 --

outFilterMatchNminOverLread 0.3 --winAnchorMultimapNmax 200 --outFilterMultimapNmax 

100. Gene counts from STAR and TE transcript counts (generated in Tetranscripts, which 
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counts multi-mapping reads against a human repeat-masker annotation file with all RE) were 

analyzed together for differential expression in R using DESeq2 software34. Normalized counts 

extracted from DESeq2 were used for all statistical analyses. Gene ontology (GO) analyses of 

differentially expressed genes were performed using rank-ordered lists and the g:Profiler 

algorithm35, and the most specific GO modules (biological processes) were identified as terminal 

GO processes using GO.db for R36. To identify gene and RE transcripts that correlated with 

markers of health and inflammation, weighted gene correlation network analysis (WGCNA) 37 

was performed using normalized transcript counts for all samples and a minimum module size 

of 30, followed by GO analyses on modules correlating with markers of interest at p<0.05 as 

described above.  

 

Whole-genome bisulfite sequencing and analysis (WGBS): DNA isolation from PBMC 

was performed using a spin column kit (QuickDNA, Zymo). For WGBS, genomic DNA was 

subjected to bisulfite conversion using the EZ-96 DNA Methylation Kit (Zymo Research) and 

sequencing libraries were prepared with Zymo-seq WGBS kits and sequenced (151bp paired-

end fastq reads) at >20x coverage on an Illumina NovaSeq instrument. WGBS reads were 

mapped using abismal38, and the methylation analysis pipeline MethPipe39 was used to remove 

duplicate reads, calculate methylation levels at individual sites, estimate bisulfite conversion 

rates, and identify hypo- and hyper-methylated regions of the genome (i.e., differentially 

methylated regions) according to the MethPipe manual. The resulting differentially methylated 

region lists (bed files) were then intersected with a gtf/bed file including annotated repetitive 

DNA sequences (obtained from repeatmasker.org) to identify the RE located in these regions. 

 

Differential chromatin accessibility analyses: Differential chromatin accessibility was 

analyzed in a previously published RNA-seq and transposase-accessible chromatin with 

sequencing (ATAC-seq) dataset on PBMC from 15 young and 23 older adults40. TEtranscripts 
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was used to identify differentially expressed genes and RE in this dataset as described above 

(in RNA-seq data), and the existing ATAC-seq data were analyzed using Genrich41 to identify 

peaks of significant chromatin enrichment. The resulting bed files (listing chromatin-accessible 

regions) were intersected with a gtf/bed file including annotated repetitive DNA sequences 

(obtained from repeatmasker.org) to identify RE located in these regions.  

 

Statistical analyses 

 Differential expression of genes and RE transcripts was quantified using DESeq26,7,30, 

and significant differences were determined using the default Wald test. Simple linear 

regressions, normality, and t tests, as well as WGCNA module heat mapping were performed 

and constructed using GraphPad Prism software. RE comparisons by type were performed 

using Shapiro-Wilk normality testing followed by Mann-Whitney test versus the mean Log2 fold-

change for all transcripts with >10 mean counts (to account for any global transcriptome, library 

preparation, and/or normalization artifacts). For overlap comparisons of RE transcript 

expression and methylation or chromatin accessibility, the most differentially expressed RE in 

older vs. young subjects, and post vs. pre-exercise training subjects were identified as those 

with Log2 fold-change greater than one standard deviation above the mean Log2 fold-change 

for all RE.  

 

RNA-seq datasets and availability 

 Transcriptome and genomic/methylation data from this study have been deposited in the 

NCBI Gene Expression Omnibus website (GEO) and are accessible under accession number 

GSE[…]. Existing RNA- and ATAC-seq data that were re-analyzed here can be found in the 

European Genome-phenome Archive under accession number EGAS00001002605. Lists of 

differentially expressed genes, differentially methylated RE, differentially chromatin-accessible 
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RE, and GO terms supporting the analyses presented here are available in the Supporting 

Information section of this article.  

 

Results 

RE transcript levels are related to systemic inflammation in healthy older adults 

 We recently reported that RE transcripts increase with aging in human peripheral blood 

mononuclear cells (PBMC)6. To determine if this age-related increase is associated with 

“inflammaging,” we performed total RNA-seq on PBMC samples from 90 healthy, older 

sedentary adults (ages 63 ± 7 years) (Table 3.1). Anthropometric measurements and clinical 

biomarkers including serum interleukin-6 (IL-6) and C-reactive protein (CRP), which are “gold-

standard” markers of inflammation42, were collected from these same participants as part of 

several larger studies19-24. Overall subject characteristics (Table 3.1) were consistent with what 

others have reported for older, healthy sedentary adults22,43.  

 

Table 3.1. Subject characteristics for 90 healthy, older adults.  

 Males (n = 45) Females (n = 45) 

Age (years) 63.2 ± 7.2 64.4 ± 7.4 

Body mass index (kg/m2) 23.7 ± 3.0 25.9 ± 4.4* 

Education (years) 20.8 ± 1.3 21.6 ± 1.5 

Resting systolic blood pressure (mmHg) 116.3 ± 14.1 125.8 ± 11.3* 

Resting diastolic blood pressure (mmHg) 70.0 ± 6.5 74.7 ± 7.5* 

Resting heart rate (bpm) 57.7 ± 7.6 55.7 ± 7.1 

Total cholesterol (mg/dL) 182.8 ± 27.1 173.9 ± 33.1 

     HDL (mg/dL) 66.0 ± 19.8 49.8 ± 12.4* 

     LDL (mg/dL) 101.7 ± 22.4 107.8 ± 28.1 

     Oxidized LDL (mg/dL) 51.6 ± 32.7 54.8 ± 23.5 

     Triglycerides (mg/dL)  76.6 ± 25.4 96.1 ± 58.0* 

Glucose (mg/dL) 84.5 ± 6.6 87.9 ± 6.7 

Insulin (pmol/L) 9.1 ± 6.0 8.3 ± 2.4 

C-reactive protein (mg/dL) 1.1 ± 1.3 1.2 ± 1.1 

Interleukin 6 (pg/mL) 1.0 ± 0.6 1.0 ± 0.5 

Values are reported as mean ± SD. 
*p < 0.05 compared to Males. 
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First, to confirm our previous findings in this dataset, we selected RNA samples from the 

10 oldest (average age 76 years) and 10 youngest (middle-aged, 51 years, matched for sex) 

subjects in the larger group and analyzed differentially expressed genes and RE transcripts 

(Figure 3.1A). Consistent with our previous findings6,7, we found an age-related increase in all 

major types of RE transcripts including LINEs, SINEs, LTRs, DNA transposons, and satellites 

(Figure 3.1B), reflecting “global” RE transcript dysregulation and accumulation with aging.  

  

Figure 3.1. RE transcripts accumulate with age, consistent with previous reports. A) MA 
plot of differentially expressed RE in the ten oldest adults (average age 76 years) vs. ten 
youngest adults (average age 51 years) in the cohort. B) Transcript levels (Log2 fold change) 
for each major type of RE in the same oldest vs. youngest adults. *p<0.05; ****p<0.0001 
 

To identify gene/RE transcripts related to markers of function and health in this group 

(including markers of inflammation) in an unbiased fashion, we performed a weighted gene 

correlation network analysis (WGCNA)37 using both gene and RE transcripts (Figure 3.2A). 

This approach clusters transcripts into groups (y-axis) referred to as “modules” based on their 

correlation with physiological traits of interest (x-axis). We found that several gene/RE modules 

in our WGCNA analysis correlated with clinically important physiological parameters (e.g., 

module D, which included genes/biological processes like chemokine signaling and coagulation 

and was positively related to oxidized LDL cholesterol but negatively related to cognitive 
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function), demonstrating the validity of this network analysis approach. However, most important 

for the present investigation, we found one module of genes/RE transcripts that correlated 

positively with serum IL-6, a key clinical marker of age-related inflammation (Figure 3.2A, 

module F) (r = 0.69, p < 0.0001). Gene Ontology (GO) analysis of the top transcripts 

contributing to the correlation between module F and IL-6 yielded biological processes related to 

cell signaling and cellular responses to stress (Figure 3.2B).  

Next, we examined the genes/transcripts in module F that contributed most to the 

correlation with IL-6 (Figure 3.2C). We found several RE among these transcripts, including 

DNA transposon transcripts like UCON69 and MER123, the long terminal repeat (LTR) 

retrotransposon LTR13A, and satellite transcripts like HSAT6 and SATR2. Interestingly, 

MER123 is a palindromic RE with the potential to form endogenous dsRNA, whereas LTR 

transcripts may form cDNA via reverse transcription44. LTR13A is a human endogenous 

retrovirus K (HERV-K) in the HML-2 group, which is considered to be the most active group of 

HERVs. In fact, recently published data show that active HERV-Ks directly promote 

inflammatory signaling and tissue aging/premature senescence45. Satellite transcripts are also a 

known marker of cellular senescence46, which can be induced by various types of 

immune/inflammatory signaling. Furthermore, consistent with the idea that these RE transcripts 

may stimulate inflammation, interferon induced protein 144 (IFI44), which has been implicated in 

the response to viral infections and retrotransposon activation47, was also a top contributor to 

the module F correlation with serum IL-6. Other genes that contributed to this module/trait 

correlation included the antiviral response factor Mov10 RISC complex RNA helicase (MOV10, 

also implicated in cDNA sensing) 48 and histone family member X (H2AFX), which is activated in 

response to DNA breaks (i.e., due to RE retrotransposition/other events) 49 . We also found a 

positive correlation between total RE transcript counts and serum IL-6 (r = 0.39, p < 0.0001) 

(Figure 3.2D), in line with our WGCNA data, and this was not driven by any particular type of 

RE, as transcripts from DNA transposons, LINEs, SINEs, LTRs and satellites were similarly 
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related to IL-6 levels (Supplementary Table 3.5). Together, these findings are consistent with 

the idea that cellular innate immune activation may link RE transcript accumulation with 

inflammation during aging in humans.  

  

Figure 3.2. Age-related RE transcript expression is correlated with serum IL-6. A) 
Weighted gene correlation network analysis (WGCNA) of all normalized gene expression counts 
(including RE transcripts) and clinical traits in 90 healthy older adults. B) Biological processes 
(GO terms) associated with genes in module F, which correlated with IL-6. C) Contribution of 
genes in module F to its correlation with IL-6. Top RE and genes related to inflammation and 
DNA damage are labeled. D) Correlation of total normalized RE transcript counts with serum IL-
6 in the entire sample of 90 older adults. Grey bands represent 95% confidence intervals. 
 

Potential mechanisms by which RE transcript accumulation may lead to inflammatory signaling 

 The mechanisms by which RE transcripts contribute to systemic inflammation could 

involve: 1) RE-derived cDNA, which can bind to cGAS and trigger the cGAS-STING 

inflammatory signaling pathway12,50; or 2) RE-derived dsRNA, which can bind to dsRNA 

sensors13,51 that also trigger inflammatory signaling (Figure 3.3A). Therefore, we looked for 

correlations among total RE transcript counts and the expression of genes encoding several key 

mediators in these inflammatory pathways, including cGAS, STING, dsRNA sensors (PKR, 
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MDA5, OAS, TLR3 and NLRP1) and other mediators of innate immune activation/inflammation 

such as IRF3, IL-1β and IL-6. (Figure 3.3B-K). We found that total RE transcript count was 

positively related to expression of the IL6 gene (consistent with our findings above), as well as 

the cytoplasmic dsRNA sensors MDA5, PKR, OAS, NLRP1, the endosomal dsRNA sensor 

TLR3, the cDNA sensor STING, and inflammatory cytokine IL-1β. Interestingly, RE transcript 

levels were not related to cGAS (which is upstream of STING) or IRF-3, which transduces 

transcriptional responses to dsRNA sensor activation. Still, these data demonstrate that higher 

RE transcript levels are associated with transcriptomic increases in cellular mediators of 

immune and inflammatory signaling in humans, possibly suggesting a role for both RE-derived 

cDNA and dsRNA in inflammaging.  
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Figure 3.3. RE transcripts are related to inflammatory signaling, potentially mediated by 
formation of cDNA or dsRNA. A) Schematic of potential mechanisms by which RE transcripts 
may initiate inflammatory signaling, including formation of complementary DNA (cDNA) and 
double-stranded RNA (dsRNA). B-K) Correlations among total RE transcript counts and 
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normalized counts for the genes that encode IL-6, MDA5, PKR, OAS, TLR3, NLRP1, cGAS, 
STING, IL-1 β, and IRF3. Grey bands represent 95% confidence intervals. 
 

Age-related RE transcript increases are reversed by exercise 

 Exercise training increases healthspan, delays age-related physiological dysfunction and 

is often used as a framework for examining the mechanisms underlying age-related biological 

changes (i.e., to determine if and how they are reversed by exercise52-55). Therefore, to 

determine if RE transcript levels are altered by exercise, we studied PBMC from young 

sedentary adults (29 ± 1 years, n=10, reference controls) and older (72 ± 3 years, n=13) adults 

before (pre) and after (post) 16 weeks of supervised aerobic exercise training (part of a 

separate study25,26) (Table 3.2).  

Table 3.2. Subject characteristics for 13 healthy, young adults and 10 healthy, older adults pre 
and post a 16-week supervised exercise training intervention.  

 Young Older Pre Older Post 

Age (years) 28.8 ± 0.86 72.2 ± 2.6** -- 

Sex 8 M / 5 F 6 M / 3 F -- 

Body mass index (kg/m2) 26.8 ± 1.4 24.7 ± 1.2 24.9 ± 1.3 

VO2max (ml/kg/min) 34.8 ± 2.8 24.7 ± 1.9* 25.3 ± 1.4 

HRmax (bpm)   189 ± 3 148 ± 8** 143 ± 8 

RERmax (VCO2/VO2)     1.1 ± 0 1.1 ± 0 1.2 ± 0 

RPEmax (6 – 20 scale)   17.9 ± 0.4 17.5 ± 0.5 15.4 ± 0.6# 
RER: respiratory exchange ratio 
RPE: rate of perceived exertion 

Values are reported as mean ± SEM 
* p < 0.05 compared to Young 
** p < 0.0001 compared to Young 
#p < 0.05 compared to Older Pre  
 

 
In this second dataset/subject group, we again found greater RE transcript levels in older 

adults (older pre-training vs. young individuals), confirming previous reports and our findings 

above (Figure 3.4A). GO analysis of the genes with higher expression in older pre vs. young 

subjects reflected increases in immune response-associated processes (Figure 3.4B), while 

genes/transcripts with lower expression were related to processes including cytoplasmic 

translation, which could be consistent with activation of dsRNA sensors like PKR that inhibit 
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translation51,56 (Figure 3.4C). Importantly, when we compared older participants post-exercise 

training vs. pre-exercise training, we found that global RE transcript expression was decreased 

by the intervention (Figure 3.4D). GO analyses also showed that transcripts increased post- vs. 

pre-exercise training in older adults were related to immune cell responses, as well as 

metabolism and mitochondrial ATP synthesis (Figure 3.4E), whereas transcripts that decreased 

with exercise training were associated with biological processes related to transcription and 

neuron/cell differentiation, among others (Figure 3.4F). These are the first data to show 

decreased RE transcript expression in humans after an exercise training intervention. They 

agree with our previous cross-sectional analysis of habitual exercisers compared to sedentary 

individuals6, and they suggest that RE transcript accumulation may be relevant to 

health/healthspan. 
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 Figure 3.4. Exercise training attenuates the age-related increase in RE transcript 
expression. A) Transcript levels (Log2 fold change) for each major category of RE in older vs. 
young adults before the older adults underwent aerobic exercise training (pre-training). B) 
Biological processes related to genes with higher transcript expression in older adults pre-
training compared to young. C) Biological processes related to genes with lower transcript 
expression in older adults pre-training compared to young. D) Transcript levels for each major 
category of RE in older adults after 12 weeks of exercise training vs. pre-training. E) Biological 
processes related to genes with higher transcript expression in older adults after training vs. 
pre-training. F) Biological processes related to genes with lower transcript expression in older 
adults post-training vs. pre-training. **p<0.01; ***p<0.001; ****p<0.0001. 
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Age- and exercise-related RE transcript changes are associated with differential methylation 

 Age-related changes in DNA methylation occur across the genome, with intergenic 

regions (where many RE reside) generally experiencing declines in methylation, or 

hypomethylation5,15. To determine if hypomethylation might underlie age-related RE 

dysregulation in our subjects/samples, we performed whole-genome bisulfite sequencing 

(WGBS) on duplicate PBMC samples from the same 13 young sedentary and 10 older 

participants pre- and post-exercise training (Table 3.2). We found that ~80% of RE that were 

increased in terms of expression in older vs. young subjects were also located in regions of the 

genome that were differentially hypomethylated in older subjects (Figure 3.5A). However, we 

also found that ~85% of RE with decreased expression in older adults post- vs. pre-exercise 

training were located in regions of the genome that were differentially hypermethylated (Figure 

3.5B). Notably, there was significant overlap among the RE that were in the most 

hypomethylated/increased with age (older vs. young) and most hypermethylated/decreased with 

exercise (older post vs. pre-training). In fact, >200 RE that were increased in terms of 

expression and located in hypomethylated genome regions with aging  were reduced in 

expression and traceable to hypermethylated genome regions with exercise (Figure 3.5C). 

Among the RE identified in this analysis, ~76% were LTRs, followed by 11% DNA transposons, 

9% LINEs, 2.5% SINEs, and 0.8% satellites (Figure 3.5D). These results suggest that key age-

related RE transcript increases that are reduced by exercise may be explained by changes in 

DNA methylation. 
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Figure 3.5. RE that increase with age are also hypomethylated, and exercise attenuates 
age-related hypomethylation of RE. A) Venn diagram showing overlap of RE transcripts 
increased in older vs. young subjects with RE located in differentially hypomethylated regions of 
the genome in the same subjects. B) Venn diagram showing overlap of RE transcripts reduced 
in older adults post-exercise training vs. before exercise training with RE located in differentially 
hypermethylated regions of the genome in the same subjects. C) Venn diagram showing 
intersection of the increased and hypomethylated RE (overlap from panel A) and decreased and 
hypermethylated RE (overlap from panel B). D) Pie chart depicting RE by type in panel C 
overlap. 
 

To examine the specific RE modified most by aging and exercise, we identified the top 

RE of each major type that were the most differentially expressed and methylated (examples in 

Table 3.3). Interestingly, many LINE elements that were modulated by age and exercise were in 

the LINE-1 family, which accounts for ~17% of the human genome and includes some of the 

only autonomously active retroelements57, some of which have been shown to induce type-1 

interferon/inflammatory signaling via cDNA10,58. All of the most differentially expressed and 

methylated SINEs were Alu elements, which are mobile retrotransposons that require LINE-1 
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element machinery for their amplification57,59. Alu elements are also known to form dsRNA and 

stimulate interferon signaling mediated by MDA514,60. Collectively, these data suggest that 

changes in methylation (i.e., hypomethylation) may be an important, upstream mechanism of 

RE transcript accumulation with aging, especially because these effects are at least partly 

reversed by exercise training, a healthspan-promoting intervention.  

 

Table 3.3. Most differentially expressed and methylated RE by type. 

 Older vs. young 

Top 5 increased/hypomethylated RE 

Post vs. pre-training 

Top 5 decreased/hypermethylated RE 

LINEs 

L1ME3Cz:L1:LINE 

L1ME3A:L1:LINE 

L4_B_Mam:RTE-X:LINE 

L1MC1:L1:LINE 

L1MCb:L1:LINE 

L1M1:L1:LINE 

L1PREC2:L1:LINE 

L1M3c:L1:LINE 

L1ME5:L1:LINE 

L1M3f:L1:LINE 

SINEs 

AluYk2:Alu:SINE 

AluYk4:Alu:SINE 

AluYc:Alu:SINE 

AluSx:Alu:SINE 

AluSx1:Alu:SINE 

AluYa5:Alu:SINE 

AluYk4:Alu:SINE 

AluYe6:Alu:SINE 

AluYk2:Alu:SINE 

AluYi6_4d:Alu:SINE 

LTRs 

MamGyp-int:Gypsy:LTR 

PRIMA41-int:ERV1:LTR 

MER57A-int:ERV1:LTR 

MER4A1:ERV1:LTR 

ERV24B_Prim-int:ERV1:LTR 

MER31-int:ERV1:LTR 

MLT1J:ERVL-MaLR:LTR 

HERVE_a-int:ERV1:LTR 

MER61C:ERV1:LTR 

ERV24B_Prim-int:ERV1:LTR 

DNA transposons 

Zaphod2:hAT-Tip100:DNA 

MamRep488:hAT-Tip100:DNA 

Arthur1B:hAT-Tip100:DNA 

Arthur1:hAT-Tip100:DNA 

Tigger1:TcMar-Tigger:DNA 

BLACKJACK:hAT-Blackjack:DNA 

Arthur1B:hAT-Tip100:DNA 

Arthur1:hAT-Tip100:DNA 

MamRep38:hAT:DNA 

Arthur1C:hAT-Tip100:DNA 

Satellites 
SST1:centr:Satellite 

ACRO1:acro:Satellite 

REP522:telo:Satellite 

TAR1:telo:Satellite 

SST1:centr:Satellite 

ACRO1:acro:Satellite 

GSAT:centr:Satellite 

 

 

Potential contribution of chromatin changes to age-related RE dysregulation 

 Finally, in addition to hypomethylation, the age-related loss of heterochromatin could be 

an additional upstream mechanism of RE dysregulation. We were unable to study this in our 

frozen PBMC samples. However, to provide relevant insight on this possibility, we analyzed RE 
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in RNA-seq and ATAC-seq (chromatin accessibility) data from a previously published study of 

aging based on PBMC samples from 23 healthy young and 15 healthy older adults40. Similar to 

our findings in the present study (i.e., Figures 1 and 4A), we found that RE transcript levels of 

each major type were significantly higher in older compared to young adults in this dataset 

(Figure 3.6A). Additionally, we found that ~30% of these RE could be traced to ATAC-

accessible regions of the genome (Figure 3.6B), suggesting that fewer RE transcripts that 

increase with aging may be chromatin-accessible than hypomethylated (i.e., as shown in Figure 

5A). In contrast to our results suggesting that methylation changes are most prevalent in LTRs, 

the chromatin-accessible RE in this dataset were mostly LINEs (Figure 3.5C). Several RE that 

were the most increased with age in this dataset also overlapped with those that were most 

differentially expressed/methylated in the present study (Table 3.4). Additionally, we found that 

38 RE transcripts that increased with aging could be traced to genomic regions that were both 

hypomethylated (in our data) and chromatin-accessible in this secondary dataset 

(Supplementary Table 3.6), and the majority of these were LINEs. However, taken together, 

these analyses (albeit in different datasets) suggest that DNA hypomethylation could play a 

more significant role in the age-related RE transcript increases we and others have observed.  

Figure 3.6. RE that are chromatin-accessible with age contribute to RE transcript 
accumulation. A) Differential RE expression in older vs. young adults from a separate dataset 
generated by Ucar and colleagues40. B) Venn diagram of RE that have increased expression in 
older vs. young and RE that are chromatin-accessible in older vs. young. C) Pie chart depicting 
RE by type in the panel B overlap. ****p<0.0001 
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Table 3.4. Top 5 RE from each major category that are the most highly expressed and 
chromatin-accessible with age in data from Ucar et al. 

 Older vs. young (Ucar et al.) 

LINEs 

L1MA1:L1:LINE 

L1PBa:L1:LINE 

L1MEb:RTE-X:LINE 

L1M4a2:L1:LINE 

L1MEa:L1:LINE 

SINEs AluYa8:Alu:SINE 

LTRs 

LTR1E:ERV1:LTR 

LTR7:ERV1:LTR 

MER73:ERV1:LTR 

HERVIP10FH-int:ERV1:LTR 

LTR9:ERV1:LTR 

DNA transposons 

Charlie17b:hAT-Charlie:DNA 

Arthur1:hAT-Tip100:DNA 

MamRep4096:hAT-Tip100:DNA 

Charlie25:hAT-Charlie:DNA 

MER6A:TcMar-Tigger:DNA 

Satellites 

ACRO1:acro:Satellite 

SST1:centr:Satellite 

ALR/Alpha:centr:Satellite 

 

Discussion 

 Chronic inflammation is a major hallmark of aging and a key mechanism of age-related 

physiological dysfunction and disease, but the upstream causes of inflammaging are 

incompletely understood. Here, we present transcriptome and clinical data supporting a role for 

RE transcript accumulation in inflammaging in humans, consistent with growing evidence linking 

RE transcripts with age-related inflammation in model organisms5,10,58,61. We examined the 

relationship between RE transcript expression and gold standard, clinical markers of systemic 

inflammation in aging humans, and we characterize epigenetic changes that may underlie these 

events. Our key findings were that the systemic inflammatory marker serum IL-6 is positively 

related to RE transcript levels in a large group of sedentary, middle-aged to older adults, and 

that RE transcript levels in these subjects are also related to expression of innate immune 

sensors that may detect RE-derived dsRNA and/or cDNA. We also used samples from a 
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separate exercise intervention to show that most RE transcripts that increase with aging likely 

originate from regions of the genome that are hypomethylated, and that exercise may reverse 

these events. Together, these findings are important, as they provide translational evidence that 

RE transcripts may stimulate age-related inflammation and suggest that these events may be 

relevant to healthspan (as they are reversed by exercise).  

 “Inflammaging” was first described to emphasize the close relationship between 

inflammation, advancing age and age-related disease. Many reports demonstrate that basal 

levels of immune activation and inflammatory signaling increase with age, a phenomenon 

known as “sterile inflammation”, and that these events contribute to and increase the risk for 

multiple diseases of aging10,61. Although many adverse processes could contribute to 

inflammaging (e.g., senescence, mitochondrial dysfunction), its upstream causes are 

incompletely understood. Importantly, growing data suggest that RE transcripts may accumulate 

progressively with aging, and this accumulation could contribute to inflammaging via several 

mechanisms. For example, LINE-1 retrotransposons have been experimentally linked to cDNA-

mediated interferon signaling and inflammation, and reverse transcriptase inhibitors (which can 

prevent the generation of RE-derived cDNA) have been used to inhibit this phenomenon in aged 

mice10,58. In addition, repression of retrotransposon expression in drosophila has been shown to 

reduce double-stranded DNA breaks, another potential upstream mechanism of inflammaging in 

response to DNA damage. In the same study, DNA damage was shown to be a direct result of 

natural, age-related retrotransposon derepression and subsequent retrotransposition17. 

Consistent with these reports in pre-clinical models and model organisms, here we took 

advantage of PBMC stored from multiple clinical studies and used transcriptomics to show that 

RE transcripts are broadly increased with aging in humans, even in older vs. middle-aged 

subjects, similar to our previously published data6,7. We also showed that this age-related 

accumulation of RE transcripts is associated with increased expression of immune and 

inflammatory signaling mediators in humans. Importantly, in this context the use of PBMC RNA 
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for this study can be considered both a strength and limitation, as PBMCs are largely immune 

cells and are expected to express a strong inflammatory and immune activation signal. 

Additional studies are needed to profile age-related inflammation and RE expression in other 

relevant tissues such as muscle, liver, and brain. In a best-case scenario, a comprehensive 

study would include different tissue samples from the same participants to determine the origin 

of RE transcripts and inflammatory signaling. 

Our findings support previous studies suggesting that RE transcripts can initiate 

retrotransposon-associated inflammatory signaling via cGAS-STING12, which senses cDNA in 

the cytoplasm. While we found no correlation between total RE transcript counts and cGAS 

(MB21D1) expression, we did find a significant positive correlation between RE and STING 

(TMEM173) transcript counts. We also found strong correlations among RE transcript counts 

and multiple dsRNA sensors, which is consistent with growing evidence of a role for dsRNA in 

age-related diseases13. Specifically, in our data, RE transcripts were positively related to 

expression of the cytoplasmic dsRNA sensors OAS (OAS1), MDA5 (IFIH1), PKR (EIF2AK2) 

and NLRP1 (NLRP1), as well as TLR3, a dsRNA sensor located in the endosome. This latter 

finding could suggest that RE-derived dsRNA has the potential to enter extracellular vesicles, 

which are important mediators of inter-organ communication and innate immune signaling62,63. 

In fact, recent studies have found that select retrotransposon-derived dsRNAs are packaged 

into extracellular vesicles and involved in interferon signaling62,63, which could represent a 

mechanism by which age-related inflammation spreads. Again, a key limitation of our findings is 

their correlational nature, as this was a retrospective study of stored samples, so we cannot 

draw conclusions as to cause and effect or the specific signaling events connecting RE 

transcripts and inflammation. As such, future studies are needed to identify which specific RE 

transcripts may be most important in these events, potentially via RNA immunoprecipitation 

sequencing of key cDNA/dsRNA sensors, as this could provide insight on therapeutic targets. If 

exercise or other interventions that inhibit RE transcript activity (e.g., reverse transcriptase 
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inhibitors) were included in such studies, it is possible to perform cDNA/dsRNA 

immunoprecipitation sequencing using RNA from pre- and post-intervention. This would provide 

more causal/mechanistic insight in humans. Another mechanistic approach could include 

culturing PBMCs or fibroblasts from the same subjects to measure inflammatory signaling after 

knockdown of specific RE using targeted siRNA treatment. These approaches could help 

determine which specific RE transcripts may be responsible for initiating cDNA/dsRNA induced 

inflammatory signaling.  

 Age-related RE transcript accumulation has been previously demonstrated, and our 

laboratory has reported that common “anti-aging” interventions may reduce RE transcripts. 

However, there are no published data on RE expression in response to exercise, perhaps the 

best intervention for increasing healthspan, in humans. Therefore, in addition to our analyses of 

RE transcripts in a larger group of sedentary older adults, we also performed RNA-seq on 

samples collected from young healthy adults and older healthy adults before and after a 12-

week exercise intervention25,26. In these subjects, we confirmed increased RE transcript levels in 

older adults (pre-exercise intervention) compared to young adults, and we found that RE 

transcript levels were reduced with exercise in the same older adults. This finding is in line with 

our previous data showing lower RE transcript expression in older habitually exercising adults 

compared to age- and sex-matched adults who are non-exercisers6, but these are the first data 

to demonstrate this relationship in the same individuals before and after an exercise 

intervention. These results add further support to the idea that RE transcripts modulate 

healthspan64,65. One limitation of our sample is that the older adults did not improve objective 

measures of fitness such as VO2max. This may be due to age (72 years) or the fact that the 

exercise intervention was low to moderate intensity. However, there was a significant decrease 

in perceived effort during the exercise test from pre to post training, indicating that the 

participants felt better at maximal effort after training. Additionally, the samples we had access 

to for these analyses did not have associated measurements of inflammation (e.g., serum IL-6), 
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but many previous reports have documented the anti-inflammatory effects of exercise55,66,67. In 

the same samples, biological processes associated with age-related transcript increases 

included mostly generic processes, consistent with frequently reported age-related gene 

ontology modules3. However, several decreased transcriptome/biological processes in older vs. 

young adults were associated with cytoplasmic translation, which could be related to the fact 

that a key cellular response to dsRNA is to reduce translation (a protective response to stress 

and/or viral infections) 51,68. Other reduced transcriptome signatures with aging were related to 

immune cell and p53 signaling, which could reflect immunosenescence, an established 

consequence and mediator of chronic, low-grade inflammation69. Interestingly, senescence and 

p53 signaling have both been linked with dysregulation of RE. How exactly these observations 

relate to RE transcript increases with aging in humans requires further investigation, perhaps 

using pharmacological approaches (e.g., senolytics, reverse transcriptase inhibitors) in human 

cell culture models to test cause and effect. In any case, in the same older adults, we found that 

exercise broadly reduced RE transcripts and increased transcriptome signatures related to 

cytokine/natural killer cell function, mitochondrial ATP synthesis and NF-kB signaling, among 

others (i.e., somewhat the opposite of age-related differences). These data could reflect the 

hormetic stress response stimulated by exercise (increases in mitochondrial function and 

protective stress-associated NF-kb signaling), as others have reported70,71. Future studies, 

perhaps in pre-clinical models, are needed to determine if these events are related to RE 

transcript reductions. 

Importantly, despite the growing evidence of a role for RE transcript increases in aging, 

the upstream mechanisms of age-related RE dysregulation are incompletely understood. Two 

key epigenetic mechanisms for repressing gene and RE transcription are DNA methylation and 

heterochromatin maintenance15,72,73. Although age-related changes in these processes are 

complex, aging is generally associated with reduced DNA methylation (hypomethylation) and a 
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relaxation of heterochromatin, both of which can lead to de-repression of genes and RE73,74. To 

determine if methylation differences might explain RE transcript changes with aging and 

exercise in the present study, we performed WGBS to identify differentially methylated genome 

regions and intersected our results with RNA-seq data on the same samples. Using this 

approach, we found that most RE transcripts that increased with age were also associated with 

RE sequences in hypomethylated regions of the genome. Interestingly, the majority of these RE 

were LTRs, which have the potential to form both cDNA and dsRNA5 75. Furthermore, in the 

same older adults post- vs. pre-exercise training, we found that most RE transcripts that were 

lowered by the intervention were also associated with differentially hypermethylated regions of 

the genome, and again, the majority of these were LTRs. Moreover, most of the RE that were 

hypomethylated and increased in terms of transcript levels with aging were also 

hypermethylated and decreased with exercise. 

To determine which specific/individual RE were the most differentially expressed and 

methylated, we identified RE with the highest relative expression and greatest number of 

occurrences in hypo/hypermethylated genome regions. We found that the most affected RE 

were primarily LINE elements, consistent with literature linking LINE-1 RE to aging and 

inflammation8,10,76,77. LINE-1 is the major human retrotransposable element type that is capable 

of autonomous retrotransposition, and it is therefore considered one of the only “active” RE 

(along with HERVKs). We also found multiple SINEs that were modulated by age and exercise, 

and these were primarily Alu elements, which can hijack LINE-1 machinery to propagate in the 

human genome57. Finally, in this same analysis we found two strongly modulated satellite RE 

(REP522 and TAR1), which are both located in telomeres. This observation could be related to 

reports that exercise encourages genomic stability of and increases telomere length, although 

this possibility requires further investigation. In any case, taken together, the strong overlaps we 

observed among RE hypomethylation/transcript increases with aging and 
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hypermethylation/transcript decreases with exercise suggest that age-related RE dysregulation 

is preceded by loss of methylation at in RE-enriched regions of the genome. 

 One limitation of our study was that we used PBMC samples that had been stored long-

term. We used library preparation kits designed for low-input degraded RNA to address this, but 

also as a result, we were unable to directly investigate the role of heterochromatin in RE 

transcript de-repression. Still, to address this possibility, we mined a published dataset40 which 

included RNA-seq and ATAC-seq data on PBMC from young and older adults. We found higher 

expression of RE transcripts in older vs. young adults in these data, consistent with the data 

generated on our RNA samples and other reports. Of the RE with higher transcript expression, 

~30% could be traced to significantly chromatin-accessible regions of the genome (fewer than 

those that could be traced to hypomethylated regions in our data). Interestingly though, we 

found that most (~60%) of these chromatin-accessible RE were LINEs, in contrast to our WGBS 

results showing that  methylation-accessible RE were mostly LTRs. Although these analyses 

were performed on different samples/data, they could suggest a role for both hypomethylation 

and chromatin relaxation as upstream mechanisms of RE derepression in humans. Given that 

these cross-sectional results suggest that RE types may be differentially affected by 

methylation/chromatin changes, future studies would benefit from performing RNA-seq, WGBS, 

and ATAC-seq on the same samples (although this would be a costly endeavor). 

 In summary, determining the underlying mechanisms of inflammaging in humans is an 

important goal of research aiming to extend healthspan. These are the first data to link age-

related RE dysregulation with increased systemic inflammation and to show the effects of a 

healthspan-extending intervention on RE transcript expression in humans. Future studies, 

perhaps using ex vivo human cell culture or pre-clinical models, are needed to directly examine 

the mechanisms linking these events (e.g., RE-derived cDNA and/or dsRNA inflammatory 

signaling), and to determine if these events may be targetable, as this could reflect an important 

direction for research on healthspan-promoting therapeutics. Ultimately, the observations made 
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here are based on retrospective analyses of samples and data derived from different studies. 

Future studies should examine the relationships between aging, exercise, epigenetic alterations, 

and RE transcript expression within the same people/samples. Ideally, blood samples would be 

collected using PaxGene vacutainer tubes that instantly stabilize DNA and RNA at baseline in 

adults from young to older adults (including middle-age) with a wide variety of exercise habits 

from sedentary to extremely active. A subset of sedentary subjects could be included in a 

supervised exercise training intervention with post-intervention blood sampling to determine the 

acute effects of training. Subjects could also be included in a longitudinal arm of the study in 

which blood samples and activity levels are collected every 3-5 years to determine the effect of 

chronic habits/lifestyle on RE transcript expression and other inflammatory markers of interest.  

Supplementary Table 3.5 
R and p-values for correlation between each type of 
RE and serum IL-6 

 r value p value 

LINEs 0.42 <0.0001 

SINEs 0.41 <0.0001 

LTRs 0.40 <0.0001 

DNA Trans. 0.37 0.0003 

Satellites 0.38 0.0002 

 

Supplementary Table 3.6 
38 common elements in Figure 5A (up and hypomethylated with age) and Figure 6B (up and 
chromatin-accessible with age) 

Arthur1 hAT-Tip100 DNA 

BLACKJACK hAT-Blackjack DNA 

Charlie25 hAT-Charlie DNA 

L1MC1 L1 LINE 

L1ME1 L1 LINE 

L1MC2 L1 LINE 

L1MA7 L1 LINE 

L1MA8 L1 LINE 

L1MA6 L1 LINE 

L1MA9 L1 LINE 

L1MC3 L1 LINE 

L1MB1 L1 LINE 

L1MA4 L1 LINE 



 69  

L1MCc L1 LINE 

L1M6 L1 LINE 

L1M3b L1 LINE 

L1MA10 L1 LINE 

LTR78 ERV1 LTR 

THE1B ERVL-MaLR LTR 

LTR7 ERV1 LTR 

HERV16-int ERVL LTR 

MER73 ERVL LTR 

HERVL-int ERVL LTR 

LTR16C ERVL LTR 

MER65-int ERV1 LTR 

MamGypsy2-I Gypsy LTR 

LTR48B ERV1 LTR 

LTR16D ERVL LTR 

LTR8B ERV1 LTR 

THE1A ERVL-MaLR LTR 

LTR78B ERV1 LTR 

LTR81C Gypsy LTR 

LTR8A ERV1 LTR 

MLT1K-int ERVL-MaLR LTR 

MLT1H1-int ERVL-MaLR LTR 

SST1 centr Satellite 

ACRO1 acro Satellite 

AluYa8 Alu SINE 
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CHAPTER 4: MULTI-OMICS APPROACH IDENTIFIES A CIRCULATING PROTEIN 
SIGNATURE THAT PREDICTS AGE-RELATED DIFFERENCES IN COGNITIVE AND MOTOR 

FUNCTIONS 
 
 
 
Introduction 

 Age is the primary non-modifiable risk factor for disease and death1, in part because 

aging itself is associated with declines in cognitive and motor functions, which can lead to 

neurodegeneration, sarcopenia, and other diseases2,3. Because the number of older adults 

aged >65 years is growing rapidly in the United States4, a primary goal of current geroscience 

research is to prevent declines in these functional domains and extend “healthspan,” the 

number of years spent healthy and disease-free. In this context, there is a growing interest in 

using “omics” to determine signatures of and predictors of healthspan5-7, and technologies such 

as RNA sequencing (RNA-seq), epigenetic profiling, and proteomics have expanded the 

possibilities for discovering novel biomarkers and mechanisms of aging. These techniques can 

capture epigenetic and transcriptomic changes to known, biologically relevant genes or proteins 

as well as non-coding repetitive sequences, or repetitive elements (RE), which are emerging as 

a potential driver of aging8-11.  

 Most studies to date of physiological parameters reflecting healthspan have involved 

only one omics strategy to identify biomarkers of aging/functional decline. For example, there 

are several DNA methylation-derived clocks that use epigenetic profiling to predict age and 

biological age12-15. Some of the most recently developed methylation clocks 16 incorporate 

physiological fitness measures such as grip strength, gait speed, and VO2max, and are better 

predictors of biological age than methylation age alone. Using approaches like this, recent 

studies have shown that exercise is associated with slower aging and better verbal short-term 

memory17. Others have developed transcriptome clocks to accurately predict age in model 

organisms and humans18,19, and recently published studies have used RE transcript 

accumulation as a biomarker of age that is sensitive to healthspan-altering interventions such as 
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exercise and high fat diet8,9.  Finally, proteomics can also be used to establish signatures of 

healthspan and predict all-cause mortality in humans20, and it is now possible to combine all of 

these techniques for a ”multi-omics” approach.  

 One way to identify omics and multi-omics signatures that are relevant to healthspan is 

to examine them in the context of habitual exercise. Because exercise is one of the most potent 

healthspan-extending strategies21-24, it can be used as a model for determining molecular 

transducers/mechanisms of healthspan and biomarkers of aging (i.e., by identifying molecular 

signatures of aging that are reversed by exercise, and testing to see if they are related to 

differences in healthspan-related physiological functions). Here, we measured markers of 

health, including standard/cardiovascular disease risk factors, cognitive and motor functions in 

young, older, and older habitually exercising adults, and we performed RNA-seq, whole-genome 

epigenetic (methylation) profiling, and proteomics on blood samples from these individuals. Our 

goal was to determine if transcriptome, epigenome, and proteome signatures could be 

intersected to identify circulating biomarkers that predict cognitive and motor function in 

humans. To our knowledge, this combination of omics and functional health data in adults of 

varying ages and exercise habits is the first of its kind. 

 

Methods 

Human participants  

A total of 40 participants were studied from the following groups: 1) young (18-35 years), 

healthy, sedentary (≤ 2 days/week exercise) adults (Y-SED, n=12); 2) older (60-85 years), 

healthy, sedentary adults (O-SED, n=12); and 3) older, healthy, habitually active (≥ 5 days/week 

exercise) adults (O-EX, n=16). Each participant reported to the lab for one, 2-hour visit in the 

morning after an overnight fast. The visit included screening via health history questionnaires, 

completion of surveys related to exercise habits, perceived life stress and sleep, NIH Toolbox 

cognitive and motor testing batteries25,26, and a blood draw for downstream RNA/DNA 
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sequencing, proteomics and other analyses. This study conformed to the Declaration of 

Helsinki, all procedures were approved by the Institutional Review Board of Colorado State 

University, and written informed consent was obtained from all participants.  

 

Surveys 

Each participant reported their typical exercise per week over the last year and 

completed a Pittsburgh sleep quality questionnaire (nightly sleep hours), perceived stress 

survey (perceived stress score [PSS]) and subjective age survey (the answer to “how old do you 

feel in years?”), all of which are established metrics65-67.  

 

Cognitive and motor function testing 

Following survey completion, we performed NIH Toolbox cognitive and motor function 

batteries (www.Healthmeasures.net/nih-toolbox) in accordance with the protocols detailed by 

the NIH. Instructions were provided to participants visually on an iPad screen and orally by the 

researcher for each test. The cognitive function battery included 8 tests: the Flanker executive 

function test, dimensional card change sort executive attention test, picture sequence memory 

test for episodic memory, list sorting working memory test, pattern comparison processing 

speed, Rey immediate recall test, and reading and vocabulary language tests. As described 

elsewhere25, a subset of these tests reflect crystallized cognitive function (concrete knowledge), 

while others contribute to fluid function/score (real-time learning, short-term memory, and 

speed), both of which can be combined into a total composite function score. All domains are 

reported as raw or uncorrected scores, along with age-adjusted national percentiles, for which 

raw scores are normalized to age-appropriate national standards. The motor function Toolbox 

battery included a 2-minute walk endurance test, 4-meter gait speed test, maximal handgrip 

strength, and a pegboard dexterity test. All walk tests were performed on the same 50-foot 
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course in a straight, tiled hallway. The same pegboard and handgrip dynamometer were used 

for every visit, and all tests were administered by one researcher to ensure consistency.  

 

Sample collection 

Blood samples were obtained via venipuncture of the antecubital vein and collected into 

4 vacutainer tubes, including a PaxGene DNA tube for downstream DNA isolation, PaxGene 

RNA tube for RNA isolation, and two EDTA tubes—one for blood chemistry analysis (Piccolo 

Xpress, Abaxis) of cholesterol, triglycerides and glucose, and one for plasma isolation for 

proteomics. Whole blood PaxGene DNA tubes were stored at -20°C, and PaxGene RNA tubes 

and plasma were stored at -80°C for future processing and analyses. 

 

RNA extraction, sequencing, and analysis 

RNA was recovered from frozen PaxGene blood collection tubes using PaxGene-

specific isolation kits (Qiagen), and Poly(A) RNA-seq was performed as previously described8. 

Briefly, RNA libraries were generated using Illumina TruSeq kits and sequenced on an Illumina 

NovaSeq 6000 platform to produce >40M 150-bp, paired-end reads per sample. Differential 

gene expression was analyzed using standard techniques as previously described8,27. Reads 

were trimmed and quality filtered with fastp28 then aligned to the human genome (hg38 Homo 

sapiens) using the STAR aligner29 followed by gene and RE count generation with 

TEtranscripts30. The following STAR parameters were used during alignments to maximize 

unique reads and generate sufficient multi-mapping reads for RE counting: --

outFilterScoreMinOverLread 0.4 --outFilterMatchNminOverLread 0.4 --winAnchorMultimapNmax 

200 --outFilterMultimapNmax 100. Differentially expressed genes and RE were then identified 

using DESeq231 for R. Gene ontology (GO) analyses were performed with the gProfiler 

algorithm32 to determine GO biological processes, Kyoto Encyclopedia of Genes and Genomes 

(KEGG) signaling pathways, Reactome (gene/protein interaction) signatures, and biological 
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processes associated with differentially expressed genes. The most specific GO biological 

processes were identified as terminal nodes using GO.db33 for R. To identify gene and RE 

transcripts that correlated with markers of health, exercise training status, cognitive and physical 

performance, two weighted gene correlation network analyses (WGCNA)34 were performed 

using normalized transcript counts for all samples and minimum module sizes of 500 (for genes) 

and 10 (for RE), followed by GO analyses on all modules correlating with functional and health 

markers as described above.  

 

Whole genome bisulfite sequencing (WGBS) and analysis 

To profile epigenetic (methylation) differences using WGBS, DNA was recovered from 

frozen PaxGene blood collection tubes using PaxGene-specific isolation kits (Qiagen). For 

WGBS, genomic DNA was subjected to bisulfite conversion using the EZ-96 DNA Methylation 

Kit (Zymo Research), and sequencing libraries were prepared with Zymo-seq WGBS kits and 

sequenced (151bp paired-end fastq reads) at >20x coverage on an Illumina NovaSeq 

instrument. WGBS reads were mapped using abismal35, and the methylation analysis pipeline 

MethPipe36 was used to remove duplicate reads, calculate methylation levels at individual sites, 

estimate bisulfite conversion rates, and identify hypo- and hyper-methylated regions of the 

genome (i.e., differentially methylated regions). The resulting list of differentially methylated 

regions (bed files) were then intersected with a gtf/bed file including an annotated human 

genome (UCSC) and repetitive DNA sequences (obtained from repeatmasker.org) to identify 

the genes and RE located in these regions. 

 

Proteomics analysis 

We profiled 1,500 plasma proteins using the SOMAscan assay from SomaLogic 

(Boulder, Colorado, USA) as previously described37-39 (protein detection protocols performed at 

SomaLogic). Briefly, plasma from each participant was diluted and incubated with fluorescently 
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labelled DNA aptamers. Protein-aptamer complexes were isolated, eluted, and quantified using 

fluorescence on a DNA microarray chip38,39. Technical controls were measured at the same time 

as all samples and used to normalize data based on signal to noise ratio as described in 

detail37. Data normalization (relative to in-plate and between-plate controls) was performed by 

SomaLogic, and protein measurements are reported in relative fluorescence units (RFU). 

Finally, we performed differential protein expression analysis among groups and analyzed 

correlations among protein expression and health/functional domains using SomaLogic’s 

DataDelve Statistics platform, as well as GO analyses (using the gene name for each protein) 

as described above to determine the terminal biological processes related to proteins of interest. 

 

Statistics 

Differential expression of genes and RE transcripts was quantified using DESeq28,9,27, 

and significant differences were determined using the default Wald test.  Simple linear 

regressions, normality, and t tests, as well as WGCNA module heat mapping were performed 

and constructed using GraphPad Prism software. RE comparisons by type were performed 

using Shapiro-Wilk normality testing followed by Mann-Whitney test versus the mean Log2 fold-

change for all transcripts. JMP software was used to calculate simple Pearson correlations 

among the 18 predictor proteins and health/function measurements, and for regression 

analyses of protein predictors of age, cognitive, and motor functions. A forward stepwise 

regression model was used to determine the top 10 of 18 proteins that predicted function in 

each domain. 

 

Results 

Overall multi-omics approach 

 To determine mediators of healthspan-relevant physiological function, we intersected 

RNA-seq, whole genome methylation and proteomics data to identify genes/proteins that were 
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the most modulated by aging and habitual exercise and that met the following criteria: 1) related 

to cognitive and motor function; 2) increased (“up”) transcripts with aging but decreased 

(“down”) transcripts with exercise; 3) located in genome regions that were significantly 

hypomethylated with aging and hypermethylated with exercise; and 4) detectable and altered 

with aging/exercise in plasma via targeted proteomics.  

 

Age and habitual exercise impact cognitive and motor function 

In our overall sample group, Y-SED (27 ± 6 years), O-SED (70 ± 7 years), and O-EX (68 

± 5 years) had similar healthy body mass index (BMI) and blood pressure. O-EX self-reported 

exercising significantly more per week than Y-SED and O-SED (Table 4.1). O-SED were 

somewhat but significantly more physically active than Y-SED, but their average of 34 min 

exercise per week was still well below the recommended physical activity guidelines for older 

adults40. All groups reported similar nightly hours of sleep, and O-EX reported significantly lower 

perceived stress scores (PSS) compared to Y-SED. O-EX had significantly higher total 

cholesterol, low density lipoprotein (LDL), and higher blood glucose compared to Y-SED (but 

not O-SED), whereas O-SED were not different from Y-SED in these domains. Overall, these 

subject characteristics are generally consistent with what others have reported for differences 

among older vs. younger adults, and with exercise training41-45. 

 

Table 4.1. Participant characteristics 

 Y-SED O-SED O-EX 

Sex (M/F) 6/6 7/5 8/8 

Age (years) 27 ± 6 70 ± 7 * 68 ± 5 * 

BMI (kg/m2) 23.1 ± 2.4 24.5 ± 3.0 23.7 ± 3.0 

Systolic BP (mmHg) 127 ± 9 129 ± 14 123 ± 8 

Diastolic BP (mmHg) 71 ± 13 80 ± 11 77 ± 6 

Self-reported weekly exercise (minutes) 5 ± 15 34 ± 25 * 597 ± 319 *# 

Self-reported hours of sleep (hr./night) 7.3 ± 0.9 7.0 ± 0.7 7.0 ± 1.2 
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For the NIH Toolbox cognitive function battery, total composite score and crystallized 

scores were similar among all groups (Table 4.2). However, both O-SED and O-EX had lower 

uncorrected fluid scores than Y-SED. Attention/executive function was significantly lower in both 

O-SED (17% lower) and O-EX (11%) compared to Y-SED, but O-EX performed significantly 

better than O-SED. Similarly, processing speed was significantly slower in O-SED and O-EX 

compared to Y-SED. Executive function was also significantly lower in O-SED compared to Y-

SED, but not different in O-EX vs. Y-SED or O-SED. These findings are consistent with 

previously published studies on aging showing that exercise interventions improve NIH Toolbox 

cognitive function domains41,42. However, to the best of our knowledge, these are the first cross- 

sectional data showing that older habitual exercisers have higher cognitive function43 than their 

sedentary peers. Interestingly, both older groups outperformed Y-SED in list-sorting/working 

memory in terms of age-adjusted national percentile. However, both groups of older adults also 

scored higher on the picture vocabulary language test compared to Y-SED, which is consistent 

with published reports of these same testing batteries25. 

 

 

 

 

Perceived stress score (0-40) 15.1 ± 4.3 11.7 ± 7.3 8.2 ± 6.9 * 

Total cholesterol (mg/dL) 157.1 ± 28.3 180.2 ± 39.9 205.0 ± 38.8 * 

HDL (mg/dL) 66.6 ± 20.2 73.2 ± 16.9 77.8 ± 17.4 

LDL (mg/dL) 70.3 ± 15.4 86.1 ± 29.0 108.2 ± 39.4 * 

VLDL (mg/dL) 20.4 ± 5.4 21.2 ± 6.7 16.8 ± 5.5 

Triglycerides (mg/dL) 102.2 ± 27.2 105.4 ± 32.7 83.6 ± 28.1 

Glucose (mg/dL) 93.1 ± 4.7 102.0 ± 11.0 105.9 ± 9.5 * 

* = p<0.5 compared to YS 
# = p<0.5 compared to OS 
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 Table 2. Cognitive function battery results 

 

During the 2-minute walk test, O-EX walked significantly further than Y-SED and O-SED 

(Table 4.3) and performed significantly better in terms of age-adjusted national percentile than 

Y-SED, indicating a potential exercise-related benefit. O-SED also performed significantly worse 

on the pegboard dexterity test compared to Y-SED. Collectively, these results demonstrated 

important and detectable physical/functional differences between our older and young subjects, 

and in our exercising compared to sedentary groups, which is generally in agreement with 

published data on these same tests26. These findings also support the idea that habitual 

exercise may partly protect against age-related declines in motor function. 

 

Cognitive test Y-SED O-SED O-EX 

Total composite score (%) 72.7 ± 26.9 79.4 ± 19.8 84.1 ± 13.3 

Crystallized score (uncorrected) 109.9 ± 4.5 117.1 ± 7.6 118.5 ± 6.0 

Crystallized score (%) 81.3 ± 15.7 82.2 ± 19.7 88.1 ± 13.8 

Fluid score (uncorrected) 115.5 ± 11.1 94.1 ± 7.9 * 99.7 ± 10.2 * 

Fluid score (%) 64.7 ± 34.4 61.5 ± 17.6 71.4 ± 24.5 

Episodic memory (picture sequence memory test) (raw score) 20.0 ± 7.2 12.6 ± 7.3 13.3 ± 5.5 

Episodic memory (picture sequence memory test) (%) 65.4 ± 25.8 67.7 ± 26.0 71.5 ± 22.9 

Working Memory (list sorting) (raw score) 110.6 ± 8.9 108.0 ± 8.1 108.0 ± 9.3 

Working Memory (list sorting) (%) 61.3 ± 26.8 86.3 ± 15.2 * 82.3 ± 20.0 * 

Attention and executive function (Flanker) (uncorrected) 108.9 ± 6.0 90.2 ± 4.2 * 96.4 ± 8.0 *# 

Attention and executive function (Flanker) (%) 58.4 ± 29.0 24.2 ±10.6 * 45.4 ± 25.3 

Processing speed (pattern comparison) (uncorrected) 118.0 ± 13.5 86.0 ± 5.5 * 94.1 ± 19.1 * 

Processing speed (pattern comparison) (%) 63.6 ± 33.0 33.9 ± 19.5 52.2 ± 38.4 

Immediate recall (Rey) (raw score) 29.8 ± 6.4 24.8 ± 7.4 25.5 ± 3.8 

Executive function (card sort test) (uncorrected) 112.0 ± 6.5 99.7 ± 6.9 * 104.4 ± 8.4 

Executive function (card sort test) (%) 62.3 ± 31.4 66.1 ± 24.0 76.8 ± 27.4 

Language (picture vocab) (uncorrected) 107.8 ± 6.0 119.0 ± 8.8 * 119.9 ±7.6 * 

Language (picture vocab) (%) 74.7 ± 22.8 81.1 ± 19.5 85.1 ± 14.2 

Language (oral reading recognition) (uncorrected) 111.3 ± 5.5 93.5 ± 24.9 115.4 ± 4.4 

Language (oral reading recognition) (%) 80.2 ± 22.3 80.0 ± 19.6 86.8 ± 14.1 

% = age-adjusted national percentile 
* = p<0.5 compared to YS 
# = p<0.5 compared to OS 
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Table 4.3. Motor function battery results 
  

 

 

 

 

 

 

Cognitive and motor functions are negatively related to transcriptome signatures of inflammation 

and immune signaling that are somewhat attenuated by habitual exercise 

Across all of our transcriptome (RNA-seq) analyses, individual gene expression 

differences were modest (Figure 4.1A-B). However, there were clear overall transcriptomic 

patterns of gene expression associated with aging that were somewhat reversed with exercise. 

In fact, among the top increased transcripts in O-SED vs. Y-SED (based on Log2 fold change), 

89% were decreased in O-EX vs. O-SED (Figure 4.1C). Similarly, among the top decreased 

transcripts in O-SED vs. Y-SED, 95% were increased in O-EX vs. O-SED, suggesting that 

exercise may reverse age-related changes in gene expression. This observation is consistent 

with other reports46-48 and the general idea that habitual exercise exerts protective effects at the 

transcriptome level with aging. 

To determine whether the gene expression differences we observed correlated with any 

of our functional measurements, we performed a weighted gene correlation network analysis 

(WGCNA) of transcript expression, standard health measures, and cognitive and motor function 

domains. This  analysis resulted in 10 modules/transcript clusters related to physiological and 

functional parameters (Figure 4.1D). Notably, the transcripts in module E negatively correlated 

with nearly all domains of cognitive and motor function, and positively correlated with age, 

Motor test Y-SED O-SED O-EX 

2-minute walk (ft) 690.7 ± 77.4 612.7 ± 93.9 705.1 ± 77.5 # 

2-minute walk (%) 63.5 ± 24.3 74.3 ± 21.8 91.7 ± 14.6 * 

4-meter walk (seconds) 3.0 ± 0.4 3.0 ± 0.5 2.8 ± 0.4 

Grip strength (D, %) 42.3 ± 25.6 50.4 ± 26.9 56.0 ± 28.8 

Grip strength (ND, %) 34.8 ± 26.9 47.3 ± 29.2 49.9 ± 32.9 

Pegboard (D, seconds) 18.7 ± 2.0 23.7 ± 7.0 * 20.6 ± 2.9 

Pegboard (ND, seconds) 19.8 ± 2.5 24.6 ± 6.3 * 22.4 ± 3.6 

% = age-adjusted national percentile 
* = p<0.5 compared to YS 
# = p<0.5 compared to OS 
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subjective age, and blood glucose. Gene ontology (GO) analysis indicated that the transcripts in 

module E were associated with biological processes like cytokine signaling and other immune 

and inflammatory processes (Figure 4.1E). Furthermore, Kyoto Encyclopedia of Genes and 

Genomes (KEGG)49 pathways associated with module E included several autoimmune and 

inflammatory pathologies (Figure 4.1F), and Reactome50 networks were also related to 

immune/inflammatory signaling (Figure 4.1G). Taken together, these results suggest that 

inflammatory and immune signaling may underly age-related declines in cognitive and motor 

function, at least at the transcriptome level. 
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Figure 4.1. Transcriptome signatures of inflammation are negatively related to cognitive 
and motor functions in young and older adults. A) Volcano plot of DEGs in O-SED vs. Y-
SED. B) Volcano plot of DEGs in O-EX vs. O-SED. C) Heat map of top increased transcripts (by 
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Log2 fold change) and top decreased transcripts in O-SED vs. Y-SED and their Log2 fold 
change in O-EX vs. O-SED. D) Weighted gene correlation network analysis (WGCNA) of all 
transcript counts with participant characteristics, markers of health, and cognitive and motor 
function domains. E) Terminal gene ontology (GO) biological process terms associated with the 
transcripts in module E. F) Kyoto encyclopedia of genes and genomes (KEGG)49 terms 
associated with transcripts in module E. G) Reactome50 terms associated with transcripts in 
module E.  
 

RE transcripts accumulate with age, but are not reduced by habitual exercise in this sample  

In addition to inflammatory gene expression, one possible transcriptome-related cause 

of inflammation with aging is an accumulation of RE transcripts, which can activate innate 

immune sensors. Recent findings from our lab demonstrate that RE transcript expression 

increases with age and is reduced by habitual exercise8,9. To determine the potential role of RE 

in the present data, we performed differential expression analysis and WGCNA on RE as 

above. We found that each major type of RE had significantly higher counts in O-SED vs. Y-

SED (Figure 4.2A), consistent with our previous findings. Surprisingly though, in O-EX vs. O-

SED, we also found that LINE, SINE, DNA transposon, and LTR transcripts were all significantly 

greater (Figure 4.2B). While these data were unexpected for habitual exercisers compared to 

their sedentary peers, in our WGCNA (Figure 4.2C) we found one module, D, that was 

negatively related to several domains of cognitive and motor function, and positively related to 

age, subjective age, and blood glucose. Module D consisted of 16 RE transcripts, 13 of which 

were long terminal repeats (LTRs), which could be involved in inflammatory signaling (Figure 

4.2D). These data confirm previous reports of an age-related accumulation of RE transcripts 

and suggest that LTR transcript expression could be linked with declines in cognitive and motor 

function, which is consistent with ideas reported elsewhere27,68. However, the results for O-EX 

vs. O-SED indicate that additional studies should be conducted to determine whether habitual 

exercise is an effective strategy to mitigate age-related RE transcript accumulation.  
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Figure 4.2. Repetitive element (RE) transcripts are increased with age and negatively 
correlate with function but are not reduced with habitual exercise. A) Violin plot of 
differential expression of the 5 major types of RE in O-SED vs. Y-SED, and B) O-EX vs. O-SED. 
C) WGCNA of RE transcript counts, participant characteristics, markers of health, and cognitive 
and motor function domains. D) Specific RE in module D, which negatively correlates with 
cognitive and motor function domains. 
 

Genes and RE that are related to cognitive and motor function are also differentially methylated  

To determine if upstream, epigenetic changes might underlie the gene expression 

differences we observed with aging and exercise, we performed whole genome bisulfite 

sequencing (WGBS) on DNA from 24 of the 40 subject samples (8 from each group) to identify 

differentially methylated regions (DMRs) in the genome. In O-SED vs. Y-SED, we found 

numerous significantly hypomethylated DMRs on each chromosome (Figure 4.3A), and a 

similar pattern was reflected in the number of significantly hypermethylated DMRs in O-EX vs. 

O-SED (Figure 4.3B). Next, we analyzed DMRs in O-SED vs. Y-SED and O-EX vs. O-SED, 

and then we determined whether the gene and RE transcripts that correlated with our functional 

data were located in these regions. We found that out of the 2,054 genes that negatively 

correlated with cognitive/motor function (in Figure 1F, module E), 239 met the following criteria: 

1) increased (“up”) RNA transcripts with aging but decreased (“down”) transcripts with exercise; 

and 2) located in DMRs that were significantly hypomethylated with aging and hypermethylated 
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with exercise (Figure 4.3C). GO analysis of these 239 genes showed that the most specific 

biological processes they were associated with included lymphocyte differentiation, cell 

signaling, and nervous system development, among other processes. We also determined 

differential methylation of the RE that were negatively correlated with cognitive/motor function in 

our RNA-seq data (in Figure 2C, module D). Using the same approach as above, we identified 

RE transcripts that met the following criteria: 1) increased (“up”) transcripts with aging but 

decreased (“down”) transcripts with exercise; and 2) located in DMRs that were significantly 

hypomethylated with aging and hypermethylated with exercise. We found that only 4 RE met 

these criteria (L1MeEh, LTR7, MamGypLTR3a, and MER4D0) (Figure 4.3D). In general, L1 

and LTR RE like these we identified are thought to form virus-like molecular patterns that induce 

inflammatory signaling. However, given this short list of RE, these results do not support further 

analyses using RE expression to predict functional outcomes.  
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Figure 4.3. Methylation of genes that are differentially expressed with age and exercise. 
A) Hypomethylated DMRs in O-SED vs. Y-SED. B) Hypermethylated DMRs in O-EX vs. O-
SED. C) Venn diagram overlap of transcripts that are increased and genes that are 
hypomethylated in O-SED vs. Y-SED with transcripts that are decreased and genes that are 
hypermethylated in O-EX vs. O-SED, along with terminal GO biological processes associated 
with these overlapping genes. D) Venn diagram overlap of RE transcripts that are modulated by 
age and exercise in both the RNA-seq and WGBS data. 
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Circulating inflammatory signaling proteins can be used to accurately predict cognitive and 

motor function in adults  

Our transcriptome and epigenome analyses indicated that altered methylation and 

expression of pro-inflammatory genes might underlie and predict differences in physiological 

function. Therefore, we next looked for genes dysregulated at the genomic and transcriptomic 

level, and detectable as proteins in circulation (which could be the actual mediators of 

differences in physiological functions). We measured levels of 1500 circulating proteins in 

plasma, and differential protein expression analyses showed some significant differences in O-

SED vs. Y-SED (Figure 4.4A) and O-EX vs. O-SED (Figure 4.4B). Of the 239 genes identified 

in our RNA-seq and differential methylation overlap analyses (Figure 3C), 18 of them coded for 

detectable proteins (Figure 4.4C-D). Of these proteins, 6 were higher in O-SED vs. Y-SED, and 

9 were lower. Some proteins that increased with aging were reversed with exercise (and vice 

versa for some proteins that decreased with aging), but these effects were not particularly 

robust (Figure 4.4C). Nevertheless, several of these individual proteins correlated strongly with 

key functional measurements (Figure 4.4E). GO analysis of the genes that code for these 18 

proteins revealed biological processes including cell development, immune response, T-cell 

differentiation and activation, and response to external stimuli (Figure 4.4F). KEGG pathways 

included cytokine-cytokine receptor interaction and axon guidance (Figure 4.4G), and 

Reactome processes included interferon signaling and immune system (Figure 4.4H). These 

observations suggest that protein correlates (and perhaps mediators) of age-related differences 

in cognitive and motor functions are largely related to inflammation and immune signaling, which 

is consistent with our transcriptome signature findings above.  
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Figure 4.4. Transcriptome and epigenome differences with age and exercise are 
represented by 18 circulating proteins. A) Volcano plot of differentially expressed proteins in 
O-SED vs. Y-SED, and B) O-EX vs. O-SED. C) Heat map of Log2 fold change in the expression 
of the 18 proteins that are 1) increased (“up”) with aging but decreased (“down”) with exercise; 
2) located in DMRs that were significantly hypomethylated with aging and hypermethylated with 
exercise; and 3) detectable via targeted proteomics. D) List of full protein names. E) Correlation 
matrix of the 18 proteins and age, markers of health, and cognitive and motor function domains. 
F) Top terminal GO biological processes, G) KEGG terms, and H) Reactome terms associated 
with the genes that code for these 18 proteins. 
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Importantly, the 18 proteins identified in our multi-omics approach were relevant to 

hallmarks of aging such as inflammation that might impact physiological function. Therefore, we 

performed stepwise regression analyses and found that levels of these proteins could be used 

to accurately predict age, fluid score, executive function, processing speed, attention, episodic 

memory, grip strength, and 4-meter walk times (Figure 4.5 A-L). Collectively, these results, 

generated using our multi-omics approach, indicate that a signature of inflammation and 

immune signaling, which involves genomic/transcriptomic dysregulation and subsequent 

changes in protein expression, may underlie age-related cognitive and motor function declines.  
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Figure 4.5. Circulating protein signature of inflammatory and immune signaling 
predicts age, cognitive and motor function in young and older adults. Prediction 
regressions for A) age, B) fluid score, C) executive function, D) processing speed, E) 
attention/executive function, F) episodic memory, G) working memory, H) immediate recall, I) 
grip strength, J) 4-meter walk time, K) 2-min walk distance, L) pegboard dexterity time. 
 

 

Discussion 

 Determining underlying mechanisms and biomarkers of healthspan-related differences in 

physiological function is an important goal of research on aging. In this study, we used age, 

habitual exercise, and multi-omics as a framework to identify genes/proteins that might underlie 

differences in cognitive and motor function in healthy older adults. We found that age-related 

changes to the epigenome, transcriptome and proteome are largely related to inflammatory and 

immune signaling, key hallmarks of aging that could be mechanistically linked to changes in 

cognitive and motor function, and we identified 18 specific genes/proteins that could specifically 

drive these events. These findings provide novel insight into potential mediators of age-related 

functional decline that are easily-accessible in humans and may be used to detect targets for 

therapeutic interventions in the future.  

 Declines in physiological function precede and predict the risk for chronic diseases. In 

our study, we assessed key functions using the NIH Toolbox cognitive and motor function 

testing batteries. We were able to detect age-related functional differences between young and 

older participants, which is expected and has been demonstrated and reproduced in several 

studies25,26,41,43-45. The Toolbox scoring system provides absolute/uncorrected scores as well as 

age-adjusted national percentile scores, which are relative to normative values for each age 

group. For the Flanker attention/executive function test, which has been ranked as one of the 

most important domains in the Toolbox25, we found that both older subject groups had 

significantly lower uncorrected scores than the young group, but that the older exercising group 

had a significantly higher score than the older sedentary group. In addition, the older sedentary 
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group performed significantly lower than young in terms of age-adjusted national percentile, 

while the older exercising group was not different from Y-SED or O-SED. In the card sort test, 

another domain of executive function, all groups were the same in terms of age-adjusted 

national percentile, but O-SED scored significantly lower than Y-SED, and O-EX was not 

different from Y-SED or O-SED. For motor function measures like the 2-minute walk test, O-EX 

performed significantly better than O-SED in terms of age-adjusted national percentile, 

indicating that habitual exercise may rescue/prevent decline in these domains as well. Some 

intervention studies have shown that exercise improves cognitive and motor function in 

previously sedentary older adults, but these studies involved resistance training as opposed to 

aerobic41 exercise, and some were smaller, pilot studies42. One study assessed self-reported 

physical activity in relation to Toolbox measurements in young and older adults using the 

International Physical Activity Questionnaire Short Form (IPAQ-SF) but found no relationship 

between vigorous activity MET-minutes per week or total physical activity and cognitive test 

results43. Thus, to the best our knowledge, ours are the first cross-sectional data using NIH 

Toolbox measurements to show differences between age-matched sedentary and habitually 

active older adults. A limitation of our study is that it was limited to functional measurements in 

the NIH Toolbox cognitive and motor function batteries, which are designed to be short, 

standardized, and reproducible across research settings. Other functional measurements, such 

as exercise testing/maximal aerobic capacity could be more robust assessments for discerning 

differences among these groups in future studies. Adding tests like these to similar studies in 

the future could help identify additional genes/proteins linked with clinically-relevant 

measurements of health and function. 

 Microarrays and, more recently, next-generation RNA-seq have made it possible to 

broadly profile potential transcriptome mediators of health and functional differences like those 

observed here18,19. While there were no individual differentially expressed genes in the overall 

transcriptomes for O-SED vs. Y-SED and O-EX vs. O-SED in this study, we did identify general 
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patterns of differential gene expression that were reversed with habitual exercise. Also, using 

WGCNA we identified a cluster of 2,054 transcripts that was negatively related to nearly all 

domains of cognitive and motor function, as well as HDL cholesterol, and positively related to 

age, subjective age and fasting blood glucose. This cluster was largely made up of genes 

coding for interferons, interleukins, cytokine cell markers, growth factors, extracellular signal-

regulated kinases, and serpins, and their transcripts mapped to several GO biological 

processes, KEGG, and Reactome terms that were mostly related to cellular responses to 

cytokine stimulus, stress, inflammation, and immune cell signaling. The exact processes by 

which these transcriptome events could cause functional declines are unclear. However, several 

of these genes/transcripts (such as SERPINH1, IGFBP4, TAGLN) have been linked to the 

senescence-associated secretory phenotype (SASP), which includes cytokines, growth factors, 

and serpins (serine protease inhibitors that contribute to inflammation) 51,52. Aging is associated 

with accumulation and reduced clearance of senescent cells (which reduce the function of their 

resident tissues), and also an increase in circulating SASP factors. Recent studies have 

demonstrated that SASP factors are negatively associated with muscular strength, a key 

domain of motor function, in older adults53, and that aerobic exercise reduces the number of 

senescent cells and circulating SASP factors in older adults54,55. Our data provide novel insight 

suggesting that circulating SASP factors may contribute to impaired cognitive function with 

aging as well, consistent with the concept of inflammation as a central hallmark of aging. Our 

findings could also provide a basis for future studies that might include knockdown or 

overexpression of the candidate proteins we identified in animal models, or exercise/other 

healthspan-extending intervention studies in humans in which protein expression and function 

are measured pre- and post-intervention.    

 Although not presented in the primary figures of this dissertation, we performed 

additional analyses of RNA transcripts specifically linked to the SASP, and found that the 

majority of SASP factors with higher expression in O-SED vs. Y-SED have lower expression in 
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O-EX vs. O-SED (Appendix 1, Figure 6.1A). We also profiled SASP factors in our proteomics 

data and found that some proteins that were differentially expressed in O-SED vs. Y-SED were 

changed in the reverse direction by exercise, but there was no clear pattern at the protein level 

(Appendix 1, Figure 6.1B). Circulating levels of specific proteins known to be linked with 

senescence such as p21, p53, and IL-6 were not different in Y-SED compared to O-SED or O-

EX (Appendix 1, Figure 6.1C). In addition, to examine the potential role of RE transcripts 

(which have been reported to be linked with the SASP) in these events, we performed a cell 

culture experiment to determine if reverse transcriptase inhibitor Lamivudine (3TC, which 

inhibits RE transcript activity) could reduce inflammatory signaling in PBMCs isolated from our 

participants. There were no statistically significant differences in IL-6 concentration in cell 

culture supernatant from Y-SED, O-SED, or O-EX with SASP stressor (H2O2) treatment or 3TC 

(Appendix 1, Figure 6.2A). However, when we grouped Y-SED, O-SED, and O-EX PBMCs 

together, there was a trend (p = 0.05) toward reduced IL-6 with 3TC treatment in the cells 

treated with H2O2 to induce cellular stress and senescence/SASP signaling (Appendix 1, 

Figure 6.2B). These experiments bear repeating with improvements. In particular, we would 

establish ideal conditions for cells to be less stimulated at baseline and add another positive 

control such as a cytokine cocktail that would robustly increase the IL-6 signal from baseline. 

With these improvements, we could determine whether 3TC can be used to reduce stress-

induced inflammatory signaling, which is related to aging and the SASP. Taken together with 

our unexpected finding that RE transcript expression was higher in O-EX compared to O-SED 

and the data described above (Appendix 1, Figure 1C), these cell culture results underscore the 

need for future experiments aimed at determining the effects of aging and exercise on RE 

transcript expression.  

 Recent studies from our lab and others suggest that transcriptome signatures of 

inflammation increase with age, along with an accumulation of transcripts from RE. These RE 

transcripts can form virus-like molecular patterns in the cytoplasm which may drive inflammatory 
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signaling. Here, we confirmed an age-related increase in RE transcripts in older vs. younger 

adults, but we did not find a reduction in RE transcripts in older exercising adults. In fact, LINE, 

SINE, DNA transposon, and LTR transcript counts were all slightly greater in older exercising 

vs. sedentary adults. This finding was surprising and could be a result of the different RNA-seq 

approach we used here (polyA rather than total RNA, which could capture a smaller/less 

representative portion of RE transcripts). Nevertheless, in a network analysis of RE we identified 

one module (D) which contained 16 RE transcripts that were negatively related top all domains 

of cognitive and motor function (except for crystallized score and language, which were higher 

in older adults compared to young). Module D was also positively related to age, subjective age, 

and fasting blood glucose. Interestingly, the majority of RE in module D were LTRs, which have 

the potential to form virus-like molecular patterns in the cytoplasm and stimulate an immune 

response10 56. Among these was LTR22B2, an endogenous retrovirus K (ERV-K) in the HML-2 

group, which is considered to be the most active group of ERVs. In fact, recently published data 

show that ERV/HERV-Ks directly promote inflammatory signaling and tissue aging/premature 

senescence57. While our results may support other studies implicating RE in inflammatory 

signaling, future studies are needed to confirm their role in exercise. Such studies could include 

assessing the acute effects of an exercise bout on RE expression, and/or training interventions 

of different lengths/exercise modalities, which would provide more insight into this emerging 

area of research.  

 Gene expression differences with aging/exercise like those we observed here are often 

associated with upstream epigenetic differences. Therefore, we analyzed differentially 

methylated regions in DNA samples from our participants to characterize potential epigenetic 

(methylation) differences in the 2,054 genes and 16 RE that were correlated with 

cognitive/motor function in our RNA-seq data. To identify potential “key mediators” of functional 

declines, we focused on identifying genes/transcripts among these genes and RE that met the 

following criteria: 1) increased (“up”) transcripts with aging but decreased (“down”) transcripts 
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with exercise; and 2) located in genome regions that were significantly hypomethylated with 

aging and hypermethylated with exercise. Using this approach, we identified 239 

genes/transcripts that reflected multiple biological processes (GO terms), including immune cell 

activity and nervous system development. Given that these genes/transcripts negatively 

correlated with cognitive function in our participants, “nervous system development” is an 

interesting finding. While these RNA-seq and WGBS data are derived from whole blood, it is 

possible that brain-derived transcripts are detectable in circulation, potentially via extracellular 

vesicles that cross the blood-brain barrier. In fact, one of the protein predictors of cognitive 

function in this study is L1CAM, a cell-surface marker of neuronal extracellular vesicles58. These 

findings indicate that circulating epigenetic profiles and transcriptome signatures (which are 

easily/clinically accessible from whole blood) also may be physiologically relevant to age-related 

processes.   

 Interestingly, when we analyzed RE transcript expression and differential methylation in 

our samples, we identified only four RE (L1MeEh, LTR7, MamGypLTR3a, and MER4D0) that 

were increased with aging but reduced with exercise, and hypomethylated with aging but 

hypermethylated with exercise. A recent study demonstrated that L1MEh, a LINE-1 element, is 

expressed by oligodendrocytes and microglia in the brain59, and others have linked L1MEh 

hypomethylation with cancer60. LTR7 and MER4D0 expression have also been linked with 

various cancers61,62, which are increasingly prevalent with age. The small number of RE 

resulting from this analysis is likely due to the fact that very few RE were decreased in O-EX vs. 

O-SED, which is a finding that differs from recently published reports on RE transcript 

accumulation and habitual exercise. As noted above, it is possible that PolyA RNA-seq is not an 

ideal method for detecting RE transcripts (as opposed to total RNA-seq), or that RE transcript 

accumulation is different in whole blood than in isolated peripheral blood mononuclear cells or 

fibroblasts (which are the sources used in other studies8,9). In any case, more studies profiling 
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age-related RE transcript expression in different cell types are necessary to determine the acute 

and chronic effects of exercise on RE transcript accumulation. 

 Finally, to identify omics changes with aging that might be the most proximal to related 

functional changes (and easily measured in humans), we intersected our RNA-seq and 

methylation data with plasma proteomics. Of the 239 genes/transcripts that were modulated by 

age and exercise and correlated with cognitive function, 18 of them were detected in our 

proteomics data, and some were differentially expressed in with aging. These 18 proteins were 

strongly related to inflammatory and immune signaling, and most of them proteins were 

significantly correlated with age and various domains of health and function. These data 

suggest that circulating inflammatory immune-signaling proteins are linked to cognitive and 

motor function in young and older adults. This approach allowed us to refine a list of candidate 

biological mediators of functional declines with aging, a primary goal of current research on 

aging. Importantly, this is not the first omics study to use exercise as a model of improved 

healthspan. Others have used epigenetic/methylation clocks12,16,17, transcriptomics8,9,63,64, and 

proteomics signatures20,51 to show that habitual exercise or exercise interventions reduce 

biological age. Here, we combined three types of omics to narrow down predictors of biological 

age that are functionally relevant to cognitive and motor aging in humans. Using this multi-omics 

“funnel”, we identified 18 functionally relevant proteins, and found that their expression  

accurately predicted age, cognitive fluid scores, executive function, processing speed, attention, 

episodic memory, grip strength, and 4-meter walk gait speed. Importantly, executive function 

and episodic memory are ranked as the top two most important subdomains for perceived 

importance for health25. Moving forward, longitudinal studies could be conducted to determine 

whether these circulating proteins can be used as biomarkers to predict future functional 

decline. If so, they could be employed as clinical predictors to identify areas for preventative 

therapeutic intervention. 
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 While these observations add insight to potential drivers of aging and healthspan, it is 

important to note that our study was cross-sectional and does not provide direct, mechanistic 

results. Future studies including exercise and drug interventions in humans and cell/animal 

model studies targeting the proteins we identified are necessary to determine whether these 

observations are mechanistically relevant. Another limitation of our study design is that we did 

not include a young habitually exercising group or any middle-aged participants. In order to 

identify markers of healthspan, it will be important to study individuals across the entire 

spectrum of age, activity level, and health/disease state in the future.  

 To our knowledge, this is the first study to collect health, cognitive and motor function, 

transcriptomic, epigenomic, and proteomic data in the same individuals using age and habitual 

exercise as a framework for identifying mediators of healthspan. Additional studies are needed 

to replicate these findings in larger groups that are more diverse in terms of functional ability 

(e.g., people with age-related diseases that may accelerate cognitive and motor decline) to 

establish these proteins as biomarkers of aging/healthspan.  
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CHAPTER 5: FUTURE DIRECTIONS: OMICS AND OTHER APPROACHES FOR 
IDENTIFYING MEDIATORS OF HEALTH AND HEALTHSPAN ACROSS DIVERSE AGING 

COMMUNITIES 
 
 
 
Introduction 

The studies in this dissertation utilized omics and multi-omics to identify the mechanisms 

underlying exercise adaptation, aging, and healthspan. These findings set the stage for future 

studies to determine new clinical biomarkers and mediators of healthspan. Important future 

directions for this work include:  

1) Determining if these findings are reproducible in more diverse populations; 

2) Determining if these findings apply to people who do not meet the definition of “healthy.”  

To address these future directions, I applied for a National Academy of Medicine Catalyst grant 

(currently under consideration), the primary text from which is included below. 

 

Rationale 

 In the effort to increase human healthspan, the number of years spent healthy and 

disease-free, one key research strategy is to identify markers and mediators of biological age 

that reflect health/disease risk better than chronological age in years using “multi-omics” data. 

Despite significant progress and investment in this area, mediators and markers of biological 

aging in racial/ethnic minority, socioeconomically disadvantaged and rural populations remain 

majorly understudied. This is an important social and biomedical problem because these 

populations: 1) bear a disproportionate burden of disease; and 2) are at particular risk for 

adverse social, biological, behavioral, and environmental stresses that also influence health 

trajectories in the broader population (limiting our ability to serve these populations and our 

understanding of healthspan in general).  
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 To address this problem, we propose to develop a mobile healthspan research unit 

(a.k.a., the “healthspan van”). This mobile lab will equip us to collect multi-omics (genome, 

transcriptome, proteome, etc.), molecular, and functional biomarkers of healthspan in any 

location, and to educate the public about healthy aging, removing barriers to entry for people in 

understudied groups. We have funding to purchase equipment and pay personnel to initiate this 

project at our home base, but a catalyst award would enable us to purchase the van itself and 

mobilize our research. 

Figure 5.1. Using mobile research to develop improved and inclusive aging clocks. 

  

 Our rationale for the healthspan van/multi-omics approach is as follows: First, most 

biological aging research has focused on molecular markers (e.g., using omics to detect 

DNA/RNA or circulating metabolites). Recent studies have combined these molecular markers 

with measures of physiological health/function, and the newest data show that a combination of 

multi-omics and these functional measures accurately predicts different aging rates among 

individuals. These integrative “aging clocks” reflect many factors (social, biological, behavioral, 

environmental) that influence the pace of aging, and they may improve our ability to predict 

individual health trajectories and prescribe interventions. However, most of these clocks have 

been developed using samples from people who are racially, socioeconomically, and 

geographically similar (mostly living near research institutions or universities). We hypothesize 

that including a diverse population of samples in the construction of multi-omics aging clocks will 

improve our ability to predict healthspan indicators such as standard cardiovascular risk factors, 
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cognitive function, motor function, and perceived stress. The ability to collect data and perform 

more inclusive sampling outside of the university bubble will enable the development of these 

“better clocks” based on diverse, more representative populations—a necessary step toward 

mitigating health disparities.  

 A second but important part of our rationale is that despite the wealth of knowledge that 

does exist on evidence-based strategies for increasing healthspan, these same underserved 

populations typically have less access and exposure to this information. By coupling our 

research efforts with informational sessions and raising awareness about the importance of 

healthy aging in general (especially with a physical, local presence), we will have a broader 

impact beyond our research efforts.  

 Long-term, given the growing importance of data-driven mobile health, we believe this 

two-pronged strategy could be the starting point for the future of healthspan-focused medicine 

(e.g., a fleet of healthspan vans that collect, integrate and disseminate data, including 

personalized healthy aging prescriptions based on the best, population-representative multi-

omics clocks we can develop). With the population of adults over the age of 65 growing rapidly, 

and increased public interest in longevity science, it is imperative that advances in this kind of 

healthspan research benefit the most people possible.  

 

Implementation and testing 

 As a team, we have access to many of the resources necessary to complete this project, 

including an Institutional Review Board (IRB), biological sampling equipment, data analysis 

software, and several colleagues and mentors who are experts in biological aging and related 

fields. In fact, we have already collected biological aging data from 54 participants at our (non-

mobile) research facility. During a ~1.5-hour protocol, we collect: 

• Basic health measures such as blood pressure, height, and weight; 

• Blood samples for:  
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o isolation and sequencing of DNA and RNA, proteomic analysis of inflammatory 

and senescence biomarkers associated with aging; 

o health measures such as cholesterol and blood glucose;  

• Cognitive function measures such as episodic memory, processing speed, and 

executive function; 

• Physical/motor function measures such as grip strength, balance, and walking speed;  

• Surveys to estimate perceived life stress, sleep quality, physical activity, and other 

lifestyle factors. 

These study visits are currently completed in a small, 8x8 foot room, and can easily be 

adapted for a mobile unit. While we have the resources and funding available to collect these 

data, with the support of this award, we will purchase a van to take this research protocol on the 

road. We are ideally positioned to enhance our understanding of healthspan in different 

populations in a state that has socioeconomically and geographically diverse regions, large 

differences in life expectancy by county and significant populations of underrepresented 

minorities. To test our idea, we propose to collect data in three locations that are diverse in 

terms of race, ethnicity, household income (and include a mixture of rural and urban living). We 

have already established collaborations with local health agencies at these locations and, with 

them, a plan for a pilot study that would be supported by this catalyst award. Our 

implementation/analysis plan is as follows: 

 

1. Purchase and equip a van with all the necessary equipment to perform our clinical 

protocol outlined above. 

2. Conduct a first healthspan van “tour” to demonstrate feasibility and generate an initial 

dataset. 

a. Schedule public events based on community interests to promote evidence-based 

information on healthy aging and recruit research participants. 
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b. Visit each location as needed to host events and study 20 older adults (60 total). 

3. Perform multi-omics/clock analyses (transcriptomics, epigenomics and proteomics) on 

samples and: 

a. Determine if established biological aging clocks predict differences in healthspan by 

region and in underrepresented or underserved populations. 

b. Use network analyses to relate omics data to health metrics and identify 

socioeconomic, behavioral, and environmental effects on them.  

c. Develop a “better aging clock” based on our findings, and determine if it predicts 

differences in healthspan by region and in underrepresented or underserved 

populations (as well as in adults studied in our existing protocols) more accurately 

that existing clock algorithms. 

 

To establish that our idea is feasible/effective, we will perform the analyses outlined in 

3a-c above and share our findings, including any alternative/better biological aging clock models 

we develop, with other researchers in the field so that they can test the models on their own 

datasets and help us confirm (or refute) their validity. Another measure of success will be 

community participation and perception. We will administer surveys to community members and 

participants to gauge whether they want us to come back for repeat measures/seminars. If we 

are successful, we will use the data collected in our pilot project to apply for funding to extend 

this project to cover more geography and to revisit the same sites for the collection of 

longitudinal data. Ideally, this will develop into a multi-site project so that we can collaborate with 

multiple universities and collect data in other states where there may be even larger health 

disparities.  
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Figure 6.1. Circulating markers of senescence in RNA-seq and proteomics data. A) Top 
50 senescence-associated secretory phenotype (SASP) factors that were increased with aging 
in RNA-seq data on O-SED vs. Y-SED and O-EX vs. O-SED subjects; B) 140 SASP factors 
from plasma proteomics and their log2 fold difference in the same O-SED vs. Y-SED and O-EX 
vs. O-SED subjects; C) Circulating levels of p21, p53, and IL-6 proteins in Y-SED, O-SED, and 
O-EX. 
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Figure 6.2. IL-6 protein production by peripheral blood mononuclear cells (PBMCs) in 
response to stressors -/+ 3TC. A) IL-6 in PBMC cell culture supernatant from Y-SED, O-SED, 
and O-EX after treatment with hydrogen peroxide (H2O2) -/+ 3TC, lipopolysaccharide (LPS) -/+ 
3TC, and paraquat (PQ) -/+ 3TC; B) IL-6 in PBMC cell culture supernatant from combined age 
groups after treatment with stressors -/+ 3TC.  
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