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Fundamental questions

How do we measure aging?

— Epigenetic clocks and other biomarkers

Why do people age even if they follow the perfect
lifestyle?

— Epigenetic changes and other hallmarks of aging

How do we measure the beneficial effects of an anti-
aging strategy?

— Epigenetic clocks and other biomarkers

Why do some animals live long lives while others live
short lives?

— Epigenetic changes explain 50% of the variation in
maximum lifespan




Conceptual framework:
Molecular biomarkers relate to innate aging
processes, confounders, and clinical phenotypes.

Innate Aging

R=0.9? Process

Chronological Age

Mortality/
Morbidity

Molecular
biomarker

Accumulation of toxic exposures
a) Smoking pack years

b) Metabolic stress

c) Infections



Basic introduction to epigenetic clocks

* Epigenetic changes= chemical modifications of
the DNA molecule

* Epigenetic changes allow one to define
— accurate measures of chronological age

— Mortality risk estimators, predictors of lifespan
— Measures of smoking history

Epigenetic aging effects are under genetic
control (heritability of 40%) and reflect
lifestyle/environmental stresses



DNA methylation:
epigenetic modification of cytosine (CpG)

DNA molecule that is methylated at the two center cytosines.
DNA methylation plays an important role for epigenetic gene regulation
in development and disease



DNA methylation measurement
based on a chip/array

llumina methylation array

-measures about 860k locations
(CpGs) in the genome

Each CpG specifies the amount
of methylation that is present
at this location.

— Number between 0 and 1
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Methylation data

Rows=Cytosines (CpGs)
Columns: tissue samples from different people
Each entry lies between 0 and 1
Interpretation=proportion of chromosomes that are
methylation at a location (CpG)
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Ordinary least squares regression

* y=Age, x;=vector of CpGs
* Find coefficient values f that minimize

argming z(yl' — B'x;)?
i

* Problem: many more covariates (CpGs) than
observations

* Solution: Penalized regression e.g. ridge regression
or elastic net regression




Ridge regression penalizes the size of the
regression coefficients based on their [?
norm

K
argming ) (vi = B'x)? +1 ) f
} k=1

* The tuning parameter serves A to control the
relative impact of these two terms on the
regression coefficient estimates.

e cross-validation is used for selecting A



Elastic Net penalize the size of the
regression coefficients based on both their
[ norm and their [* norm:

K K
argming » i~ B2 + 2 ) 1Bl + 72 ) f?
i k=1 k=1

e The [' norm penalty generates a sparse model.

* The [ norm penalty:
e Removes the limitation on the number of selected variables.

* Encourages variable group selection: automatically include
whole groups of predictors into the model if one predictor
amongst them is selected.



Construction of the human pan tissue
epigenetic clock

e Combined publicly available individual data sets
measured on the lllumina 27K or lllumina 450K array
platform.

* Training+test data involved n=7844 non-cancer samples
— 82 individual data sets
— 51 different tissues and cell types

e Elastic net regression of Age (dependent variable) on
roughly 21k CpGs

— It automatically selected 353 CpGs



T
Pan tissue epigenetic clock

e Step 1: Measure the DNA methylation levels of 353 CpGs.
e Step 2: Form a weighted average

e Step 3: Transform the average so it is in units of “years”

Result: age estimate (a number) that is known as
“epigenetic age” or “DNA methylation age”

Comment: same definition for every tissue and cell type.

Horvath 2013



The human pan-tissue DNAmM age estimator is the
most accurate molecular biomarker of age across
tissues. Hence the name “epigenetic clock”.



Analysis of centenarians
and their offspring
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Using the clock for measuring the age of
different parts of the body



Red=breast
Black=blood collected at the same time



Liver Adipose tissue Muscle Blood
cor=0.9, p=3.3x10-1 cor=0.88, p=5.3x102

cor=0.89, p=3.9x107= cor=078, p=12x10"12
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Epigenetic clocks judged by the
criteria for biomarkers of aging






Two types of mortality risk predictors

* One-step models: Regress time-to-death on
CpGs directly

 Two-step models: Regress time-to-death on
DNA methylation based biomarkers i.e. based
on aggregated measures of CpGs

— Example of aggregated measure: DNA methylation
based estimator of smoking history



DNA methylation GrimAge strongly

predicts lifespan and healthspan
(2019) Aging

Ake T. Lu, Austin Quach, James G.
Wilson, Alex P. Reiner, Abraham
Aviv, Kenneth Raj, Lifang Hou,
Andrea A. Baccarelli, Yun Li, James
D. Stewart, Eric A. Whitsel,
Themistocles L. Assimes, Luigi
Ferrucci, Steve Horvath






Cox regression model

* Mortality rate=number of new deaths per
population at risk per unit time

* Cox regression models the effect of covariates on
the mortality rate but leaves the baseline
mortality rate unspecified

* Hazard ratio=ratio of mortality rates

* Estimates relative rather than absolute mortality
risk



Interpreting the hazard ratio from a
Cox regression model of GrimAge

Hazard Ratio=ecoefficient=1 10

— Interpretation: 10% increase in mortality rate for
every 1 year increase in GrimAge

 Hazard Ratio=1.1028=2.14 associated with an
8 year old increase in GrimAge



Meta analysis for the hazard ratio
associated with all-cause mortality
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Measures of age acceleration adjust DNAm age for
Age and possibly Sex

* Age=age at the time of the blood draw

 AgeAccelerationResidual=raw residual resulting
from regressing DNAmAge on chronological age

e AgeAccel=residuals(Im(DNAmMAge~Age))
* |n case of GrimAge also include Sex
e AgeAccelGrim=residuals(Im(DNAMGrimAge~Age+Sex))



Healthy lifestyle is associated with lower AgeAccelGrim
A\ cor P




Computed tomography data of fat content in organs



DNAMGrimAge relates to
cognitive and neuroimaging
traits in the Lothian Birth

Cohort 1936.
(Robert Hillary, R. Marioni 2019)



Discussion of DNAmM GrimAge

AgeAccelGrim stands out among pre-existing epigenetic clocks
in terms of its predictive ability for

— time-to-death,

— time-to-coronary heart disease,

— time-to-cancer,

— early age at menopause.

Surprising finding that DNAm pack-years outperforms self-
reported pack-years in predicting lifespan

DNAm PAI-1 stands out when it comes to associations with type
2 diabetes status, glucose-, insulin-, triglyceride levels,
anthropometric measures of adiposity (body mass index and

waist-to-hip ratio), and computed tomography data on fatty
liver and excess adipose tissue.

Our DNAm-based surrogate biomarkers of plasma protein levels
may be leveraged by researchers who rely on bio-banked DNA
samples without the availability of plasma samples.



Epigenetic clocks are useful for identifying and
validating anti-aging targets

» Reality check: epigenetic clocks do not stand
out in terms of lifespan prediction.

— Many alternatives: blood pressure, smoking,
frailty indices, lipid levels, glucose levels

— But epigenetic clocks enhance standard lifespan
predictors

* Advantage of epigenetic clocks
— Clocks relate to at least one root cause of aging
— proximal to an innate aging process

— they can be applied to cells in a dish (in vitro
studies)




What do epigenetic clocks teach us
about anti-aging strategies?



Strategy:
Using a cocktail of drugs that were
intended to regenerate the thymus



TRIIM treatment
by Greg Fahy and R. Brooke

e Original intention: regenerate the thymus
* Side effect: epigenetic rejuvenation

Cocktail of substances

1. growth hormone (rhGH)
— Purpose: regrow thymus

2. DHEA and metformin
— Purpose: limit the “diabetogenic” effect of GH

3. Supplements: vitamin D and zinc
- Purpose: protect bone, etc




Treatment induced changes in epigenetic age
(several epigenetic clocks)

* Mean epigenetic age
approximately 1.5 years
less than baseline after 1
year of treatment

 GrimAge showed a 2-year
decrease in epigenetic vs.
chronological age that
persisted six months after
discontinuing treatment.

* These effects are
probably independent of
changes in blood
composition



Treatment induced changes in thymic
MRI



Improved Kidney Function



C-reactive protein was reversed
“Inflammaging”




Another Sign: Hair Rejuvenation?

Before

After



Discussion of TRIIM results

e Cons:

— Limited sample size: n=9 individuals

— No placebo arm (phase 1 trial)

* Pros
— Deep phenotyping: Methylation, Blood counts, MRI

— All biomarkers indicate rejuvenation

— Human treatment that can be applied NOW.

— Rejuvenation effect is very strong (detectable in 9 people)
— 5 blood draws per person. 2 blood draws before treatment.

— Persistent rejuvenation of DNAmM GrimAge which tracks
multiple organ dysfunction and is the best epigenetic
predictor of lifespan/healthspan



Strategy: Rejuvenation by hematopoietic
stem cell transplantation






Age of the reconstituted blood in the
recipient equals the age of the donor
even after long followup



Strategy: Slow aging using hormone
treatments



Menopausal hormone therapy keeps buccal cells
young but not blood cells.

Buccal p = 0.00078




Effect of surgical menopause



Women age more slowly than men according
to the epigenetic clock (blood, brain, liver).
All ethnic groups.



Tracking the epigenetic clock

across the human life-course
R. Marioni, S. Hagg (2018)

INCHIANTI cohort Lothian Birth Cohorts



Multi-tissue DNAmM age estimator (353 CpGs) applies
to all tissues/cell types across the entire life course



Pan tissue clock also applies to early development:
highly accurate on fetal retina samples
(A. Hoshino, Thomas Reh 2019)



Epigenetic clock theory of aging: DNAm age is a
continuous read-out that links processes that play a
role in development, maintenance, and aging

Epigenetic clock links purposeful molecular processes to un-intended
adverse consequences later in life (antagonistic pleiotropy).

Horvath and Raj, Nat Rev Genet 2018



Placental epigenetic clocks: estimating gestational age using
placental DNA methylation levels
(Yunsung Lee, Aging 2019)

Gestational Age In Test Data



Studying epigenetic aging in mammals




Central question of biology:

Why do similar species, such as mammals, have
markedly different maximum lifespans?

Substantial literature:
Schmidt-Nielsen 1984, Finch 1990,
Charnov 1993, Austad 2001,
de Magalhaes 2007, Healy 2014, ...




de Magalhaes et al (2007) developed an online database
(AnAge) with over 3000 animal species.

Log(max Lifespan)

Body weight and the ability to avoid
predators (e.g flying) predict lifespan




Bats, naked mole rate, and humans live longer than equal sized
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Incomplete molecular understanding of maximum
N EN

e Molecular theories include

— Various epigenetic theories, e.g. DNA methylation
— DNA repair mechanisms (SIRT6)

* Need for large data involving MANY species



Our mammalian methylation data

— Over 100 different
mammalian species

Tissues: blood, liver, skin, brain/cortex,
Muscle,...



Epigenomewide association studies for maximum lifespan
reveal thousands of CpGs even after controlling for

phylogeny
(Caesar Li, Vera Gorbunova, Diego Villar, Todd Robeck)



Insights

DNA methylation levels relate
strongly to maximum lifespan across
mammals



Insight: One can develop highly
accurate estimators of chronological
age (epigenetic clocks) in all mammals

 Now we focus on age of a specific animal as opposed to the maximum
lifespan of a species




Mouse epigenetic clocks reveal faster
aging due to high fat diet

(Beni Mozhui, Nan Wang, William Yang)

Mean(AgeAcceration) vs. Diet
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Highly accurate epigenetic

clocks in pure dog breeds
(Elaine Ostrander, Andrew Hogan)

Dog epigenetic clock based on 245 CpGs



Naked mole rat

Vera Gorbunova, Chris Faulkes, Joseph Zoller, Masaki Takasugi,
Julia Ablaeva



Methylation explains in part
why some bat species live
longer than others

Jerry Wilkinson, Sonja Vernes, Emma Teeling




Highly accurate epigenetic
clocks across bat species
sooonasamples —— (Jerry Wilkinson)

From 30 bat species



Epigenetic clock for primates

Ania Jasinska, Cun Li, Peter Nathanielsz, Adam Salmon, Julie Mattison, Rafa de Cabo, Joseph Zoller



Conclusions

Several epigenetic clocks
— All correlate strongly with age
— Clocks differ in predictive accuracy for mortality

DNA methylation is predictive of mortality risk even
after adjusting for many risk factors

DNAmM age will not replace standard clinical
measures (blood pressure, lipid levels, glucose
measures)

DNA methylation often have a cell type specific
effect

— Judicious choice of source of DNA: blood, saliva, buccal,
urine, fat tissue, muscle
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