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Nine Hallmarks of Aging
= Genomic instability
\ = Telomere attrition
E »I = Epigenetic alterations
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= Loss of proteostasis

* Deregulated nutrient sensing
= Mitochondrial dysfunction

= Cellular senescence

= Stem cell exhaustion

= Altered intercellular
communication

e

Lopez-Otinet all. Cell 2013




DNA Methylation Variation
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Age Prediction Based on DNA Methylation
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Multi-tissue Age Predictor

» Horvath’s model: 393 CpGs, less than 4 year error

A Al Train. err=2.9 cor=0.97, p<1e-200

B Blood PBMC err=0.77 cor=0.97, ped 30-73

C Blood WB err=2.7 cor=0.98, p<te-200

D Brain CRBLM orr=4.5 cor=0.92, p=6.4e-116

E Brain PONS err=3.3 cor=0.96, p=7.56-70
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Tissue-specific Age Predictors
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Independent Validation of Blood Models

= Zbiec¢-Piekarska’s model: ELOVL2, FHL2, KLF14, C1orf132, TRIM5g

= Analysis platform: Pyrosequencing
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Cho S et al., Forensic Sci Int Genet (2017)

Independent Validation of Blood Models

» Another model with 5 CpGs explaining the highest% of age variance in

each gene
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Change in Analysis Platform

= Multiplex methylation SNaPshot for age prediction in blood
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Change in Analysis Platform

Pyrosequencing

Methylation SNaPshot
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Methylation of Blood, Saliva and Buccal Swab
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Age Prediction model
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= DNA methylation at 5 CpG sites from the ELOVL2, FHL2, KLF14,

Ciorf132, and TRIM5g genes was investigated in samples from blood,
saliva, and buccal swabs using a multiplex methylation SNaPshot assay.

* An age prediction model trained on 240 samples including 8o of each
blood, saliva and buccal swab samples exhibited high correlation
between predicted and chronological ages with a MAD of 3.38 years.

» The model showed a MAD of 3.54 years in a validation set of 60 samples
including 20 of each blood, saliva and buccal swab samples.

= These results suggest that these age-associated markers are less tissue-

specific than others
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