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Heterogeneity in aging
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Frailty Index, Allostatic Load Index, Activities of Daily
Living, Grip strength, Charlson Comorbidity Index

Cardiovascular health, neurological health, skeletal
health

Cardiomyocyte senescence, microglial activation,
osteoblast dysfunction

Mitochondrial dysfunction, lysosomal impairment

Genetic predisposition, epigenetic alteration, pathway
dysregulation



Hallmarks of aging

Lépez-Otin et al., 2023

Healthy aging

Donald Faulkner, 88, during an
exercise class. Delta, B.C.
Image by B. Nelms

Nina Graham, 89, wears her red
volunteer vest from Canadian
Blood Services. Richmond, B.C.
Image by D. Dyck

Betty Brussel, 99, is training hard for
her next swimming.
Image by Monia Blanchet

lvan Vance, at 90, looks set to head

off to the courts.
Image by Arlen Redekop



Biological age

Broadly:

The level of age-dependent biological
changes, such as molecular and cellular
damage accumulation

In aging studies:

Numerical value corresponding to the
chronological age at which an average
individual in a reference population displays
similar age-related biological changes

Biological age

Chronological age



Rationale for measuring biological age

* Quantify individual deviations from normative aging patterns

* |dentify factors, including modifiable risk factors, associated with
accelerated or decelerated aging

* |dentify life-course events that drive divergence in aging
trajectories

» Assess the effects of longevity interventions



Omics-based aging biomarkers
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Challenges

Limited specificity. Do molecular biomarkers reflect true drivers of aging,
or also its consequences and unrelated signals?

Interpretability. What individual features represent?

Train targets. What should serve as the primary training target to predict a
broad range of aging-related outcomes?

Non-linearity. How can we account for complex relationships to capture
more realistic biological patterns while preserving interpretability?

Aging multi-dimensionality. Can a single omics layer capture it all, or do
we need many?



Rationale




Data

Canadian Longitudinal

Study on Aging
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2013 2016 2019

n = 30,097 Age: 45-85

®
m: 52% European: 94%

History

Vital signs

Medication

Lifestyle

Body composition

ECG

Hematology and chemistry

Participant profile
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_’;!;S Physical assessment tests
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Cognitive tests

Mortality data

Inflammatory biomarkers, n = 9,992

Genotype data, n = 26,622

Untargeted metabolomics, n = 9,992

DNA methylation, n = 1,445
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Can we identify measures
relevant to health and
healthy aging?

Can we determine their
optimal ranges?




Health assessment

Instrument

The Frailty Index as a normalized sum of 51
health deficits

The normalized number of chronic conditions: cancer
(except non—-melanoma skin cancer), cardiovascular
disease, major pulmonary disease, dementia, and diabetes

The normalized number of 28 self-reported
clinician—diagnosed conditions (except conditions
used for Instrument II)

Composite cognitive score as the mean of three
cognitive domain scores (memory, the executive functions,

the psychomotor speed domains) derived from rank normalizes

scores of domain-specific tests

Physical function as a mean rank normalizes scores
of five physical assessment tests

Means and SD
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Sex
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-®- Males
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Observation from the Super Seniors Study

Super Senior’s phenotype:

« aged 85 and older

* never diagnosed with cancer, cardiovascular
disease, diabetes, dementia, or major pulmonary
disease

700 seniors aged 85-110 recruited from 2004 to 2010
Mini-Mental State Exam mean = 28.3

Activities of Daily Living Scale mean = 21.4

Timed Up and Go mean =12.3 s

Geriatric Depression Scale mean = 1.5

Halaschek-Wiener J, et al. The Super-Seniors Study: Phenotypic
characterization of a healthy 85+ population. PLoS One (2018)
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Observation from the Super Seniors Study

Super Seniors show reduced variation of:

-
BN

* Telomere length 3
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* Red cell distribution width Telomere lengths in lymphocytes of
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Halaschek-Wiener J, et al. Reduced telomere length variation in healthy
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Sweet spots

* Measures that are important for health
tend to be closer to the optimal values,
or sweet spots, among the healthiest
individuals

* Distances from sweet spots
« Quantify the level of dysregulation
 Inform dysregulated processes
« Serve as non-linear transformation

15



Statistical approach

Screening

Detect health-related phenotypes via variance
heterogeneity across health extremes

A o .
) WiBe e s
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Sweet spot detection

Estimate optimal phenotypic values
with deviations linked to poorer health
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Key fi n d i n g s R Hemoglobin A1c

*  body-composition analysis

[ ]
120 — body measures .

142 OUt Of 231 Of * bone mineral density: hip
phenOtypeS (61 %) W|‘th e bone mineral density: whole body

. . . 107 o chemistry
S|gn|f|Cant|y hlg her * electrocardiogram
variance among the least _ e« hematoog
h Ith \% e inflammation °
()]
eda y 2 e vital signs °
60 —
Lean Tissue inlargest
visceral fat region Body Mass Index
Females Males 404 . i- :-- :.
Y e S 0 & @ .:l: 0% ° °
'// / \ \ oo S g%, % ':' o3 .. e T Axis High Sensitivity C-
y R N\ 20 Bone mineral density for ; White Reactive Protein
/,. / \ \“; the Right Leg region s blood cellg
|‘ 29 || 95 )\18‘) 8 *%. Pulserate
\'\‘ \'\ /b ‘;’
A iy 0-
\\ / 4 Brown-Forsythe test results for all health instruments, age and sex groups. X-axis represents

phenotypes grouped by categories.

Vishnyakova O, et al. Physiological phenotypes have optimal values relevant to healthy aging:
sweet spots deduced from the Canadian Longitudinal Study on Aging. Geroscience (2024)
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Key findings

94 out of 231 (41%) with sweet spots 3

0.00

'
0 10 20 30 40 50

Free Thyroxine, pmol/L

Frailty Index it o

Reference Interval ; 3

narrower than standard / : g
—> Frailty Index i =

CI i n ical refe rence ranges Reference Interval 125 1;,0 175 200

Free Thyroxine, pmol/L

Dashed lines indicate mean values for females and males. Reference intervals were adopted from
Textbook of Clinical Chemistry and Molecular Diagnostics 5th Edition



Sex-specific optimal values and ref intervals

Blood chemistry Variance heterogeneity Sweet spot Match ref intervals’

Albumin, g/L v v v
Alanine Aminotransferase, u/L v v v
Creatinine, umol/L v v v
Estimated Glomerular Filtration Rate,

mL/min/1.73m"2 v v v
Ferritin, po/L v v v
Free Thyroxine, pmol/L v v v
Hemoglobin A1c, % v v v
Low-Density Lipoprotein, mmol/L v v v
Cholesterol, mmol/L v X X
non HDL, mmol/L v v N/A
High-Density Lipoprotein, mmol/L X N/A N/A
Triglycerides, mmol/L v X N/A
Thyroid-Stimulating Hormone, miu/L v v v
25-hydroxyvitamin D, nmol/L X N/A N/A

" LifeLab and Surrey Memorial Hospital Lab;

" estimated on nondiabetic males

19



How does the metabolome
reflect variation in aging
across individuals?




Why metabolomics?

Metabolome is the collection of all
metabolites, small molecules <1500 Da

End products of metabolism

End result of all environmental and
biological processes

30% of identified genetic disorders involve
defects in small-molecule metabolism

Small molecules act as cofactors and
signaling molecules for thousands of
proteins

21



Metabolomic profiling in CLSA

" Lipid (41%, N=361)
I Unknown (23%, N=202)
Amino Acid (23%, N=200)
- Cofactors and Vitamins (3%, N=29)
~ Nucleotide (3%, N=28)
I Partially Characterized Molecules (2%, N=22)
I Carbohydrate (2%, N=20)
. Peptide (2%, N=18)
' Energy (1%, N=8)

888 endogenous metabolites after QC for 9,992
participants at the baseline

22
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Metabolites’ sweet spots

 We determined optimal

levels for 74 metabolites

For about a half of them,
95% CI did not include
population mean

1-carboxyethylleucine
1-methylhistidine
3-methylglutaconate
3-methylglutarylcarnitine (2)
N,N,N-trimethyl-alanylproline betaine (TMAP)
N-acetylserine
N6,N6,N6-trimethyllysine
alpha-ketoglutaramate*
creatinine

homocitrulline
hydroxyasparagine**
isobutyrylcarnitine (C4)
kynurenate

phenol sulfate

tryptophan

urea

vanillyimandelate (VMA)
1,5-anhydroglucitol (1,5-AG)
2-0O-methylascorbic acid
carotene diol (1)

gulonate*

retinol (Vitamin A)
1-oleoyl-GPC (18:1)
1-stearoyl-GPC (18:0)
11beta-hydroxyandrosterone glucuronide
11beta-hydroxyetiocholanolone glucuronide*
16a-hydroxy DHEA 3-sulfate
3-carboxy—4-methyl-5-pentyl-2—furanpropionate (3-CMPFP)*
3-carboxy-4-methyl-5-propyl-2-furanpropanoate (CMPF)
3-hydroxyoctanoate
3b-hydroxy-5-cholenoic acid
cortolone glucuronide (1)
eicosanedioate (C20-DC)
etiocholanolone glucuronide
glyco-beta-muricholate*
glycocholenate sulfate*
glycohyocholate
glycoursodeoxycholate
hydroxy-CMPF*

lithocholate sulfate (1)
sphingomyelin (d18:2/24:2)*
tetrahydrocortisol glucuronide
3-(3-amino-3-carboxypropyl)uridine*
5,6-dihydrouridine
N2,N2-dimethylguanosine
pseudouridine
glutamine_degradant*
metabolonic lactone sulfate
X-11444

X-12026

X-12100

X-12851

X-13553

X-15503

X-17357

X-21364

X-21467

X-21470

X-21471

X-23659

X-24812

X-25371

X-25420

X-25519

Sweet spot estimate

Females

Males

v

v

[\

p-values
30
20
10
0

SUPERPATHWAY

[ Amino Acid

W Carbohydrate

B Cofactors and Vitamins

[ Lipid

B Nucleotide
Partially Characterized Molecules
Unknown

Sex

—®— Females

—@— Males
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Metabolomic aging biomarker

Transformation Construction of
Calculating DSS metabolomic
biomarker

K—’QQO —_—p _—
Bi

Metabolites with

S o— 4

Health related Frailty index

. Yi
metabolites %O

Metabolites with
monotonic relationships
to health
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Associations between metabolomic age
deviations (MAD) and all-cause mortality

Model* Target DSS C-Index HR 95% CI p-value AUC Accuracy
Sweet Spot Clock  Fl + 0.841 1.08 [1.06-1.10] 5.8x10-12 0.824 0.951
ControlMb Fl - 0.839 1.08 [1.06-1.11] 2.7x10°" 0.822 0.950
ControlAge Age + 0.830 1.10 [1.06-1.14] 4.5x107 0.824 0.950
Baseline Age - 0.821 1.09 [1.05-1.13] 2.2x10° 0.815 0.950
Frailty index - - 0.830 1.05 [1.02-1.07] 5.2x107 0.809 0.948
Null - - 0.809 - - - 0.795 0.949

* Association were determined by Cox proportional hazards models, on the test (1285 participants who had not withdrawn from the study by the second follow-up with 69 death
events). Each model has been adjusted for sex and age. MAD are the residuals of metabolomic clocks, calibrated into units of age, and then regressed onto age.

26



Metabolomic aging biomarker

Metabolomic age (yr)

120 1

100 1

80 1

60 1

401

L

R=0.54, p<2.2e-16 e

60 70
Chronological age (yr)

80

Participants

600 -

N
o
o

200+

Sex Females Males

-20

0 20 40
Metabolomic age deviation

60
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Associations with all-cause mortality and
age-related diseases

Outcome
All-cause mortality
Diabetes

COPD

Stroke

Kidney failure

Alzheimer's
Cancer
1.00

=
E 0.96 =~ Quartile 1
g_ == Quartile 2
= == Quartile 3
> — i
< Quartile 4
@ 0.92

Hazard Ratio (95% CI)
1.08 (1.06-1.10)
1.05 (1.03-1.08)
1.05 (1.03-1.09)
1.07 (1.01-1.10)
1.05 (1.00-1.09)
0.92 (0.73-1.03)
1.00 (0.96-1.02)

HR=1.84
p = 1.4e-27, C—index = 0.804

Lower risk E Higher risk p-value
' m <0.001
. - <0.001
. <0.001
— <0.001

E—I— 0.02

- 1.00

- 1.00

07 o8 05 10 11 1.2

b

Survival probability

i
©
5]

1.001

o
©
=

4 == Slowes! agers (<=10th)

Hazard Ratio

== Fastest agers (>=90th}

HR =8.2
p = 2.92e-18, C-index = 0.83

Time

HR per year of metabolomic
age deviation

Survival curves stratified by
metabolomic age deviation
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Associations with health, lifestyle, and

socioeconomic factors

Factor beta SD p-value

Overall health Chronic condition count 0.008 0.001 8.5x10-36
Physical function (Instrument IV) 0.003 0.001 2.8x10°*

Cognitive function (Instrument V) 0.002 0.001 5.6x10%

Body composition Body Mass Index 0.037 0.003 2.2x10-32
Inflammation Interleukin-6 0.036 0.003 2.2x102
Tumor Necrosis Factor - Alpha 0.043 0.003 8.5x10-3¢

High Sensitivity C-Reactive Protein, mg/L 0.018 0.002 4.7x1014

Hyperglycemia Hemoglobin Alc, % 0.041 0.003 2.3x10%
Lifestyle Nutritional Risk -0.203 0.019 1.5x10°%2
Smoking status 0.017 0.002 1.7x10-11

Alcohol consumption 0.032 0.007 4.7x105

Physical activity levels 0.037 0.003 8.5x10-36

Psychological Distress -1.200 0.225 1.8x10-¢

Socio-economic Total household income -0.030 0.003 8.1x10°17
Level of Education -0.011 0.003 2.0x103

29



Associations with health, lifestyle, and
socioeconomic factors

Of 126 health-related metabolites, 111 and 78 were retained in the female
and male models, respectively

The top 50 predictive metabolites we tested for associations with 40 known
disease biomarkers, chronic conditions, and diagnostic measurements

All metabolites showed strong associations with at least five distinct
phenotypes tested after Bonferroni correction (n=2000)

30
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N,
N_ace'yltaurine *kk  kkk  kkk E3 st *kk  kkk  kkk  kk¥ dkk  kkk  kkk  kkk *k TRk Akk ok
N6,N6,N6-trimethyllysine i i *wk *kx How wox PR — - .
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indOlepI"OpiOnate o kv kdk kRk ek gk kkRk kkk hkk Rkk kRw Rk kR kkk Rk R *x LE i Hkk *k Whkk ek kkk  kwR
kynurenate ok Kok Tk .
'aurine Ll *K xRN ERE kkk kkE KRR KRN AR KEK KEKK KRN kK *k
vanillactate Rk EE N T ok kA *hk KRR KKK KRR Bﬂoa eeogfﬁclgnu
vanillyimandelate (VMA) *** e Kk Li *n *rk e . Whk n *rw . lo' 4
xanthurenate Tkx I % *xx Tk kkk Thx *hk 0.2
1,5-anhydroglucitol (1,5-AG) i R * *h *hk KRE KAK Akk kkk Akk P 0 )
) v -0.
N—acetylneufamina‘e *hk  kkk  kkk dkk  hkk kR hkk kR wkk ‘" Hekek Rt kkk  kkk ek Wik ek SUPEHPATHWAY
arabitOVXymol ek ek kk  kkk dekk ek sk . Amlno Add
erythronate' Kk kR dkk KRR RkK IRk Kkk kkk hEKk Hkk *hk *hkk RIK KR *kk Kkk  Kkkk =carbgt:ydratz Vitami
Cofactors an: amins
mannose el Fkk Rk - ek *rw *hE KR KK K% Kkk ERE kk kK KK ek Lipid :
il - M Nucleotide
2_o_methy|ascorblc ac'd dkk  kkk ok dekde  dekk ek hhkk  kkk dekk hkk  kkk  hokk dokk Sk dekk  dkk hkk  kkdk  kkk dekk . Un n
ascomic acid S_SUHatei Kk kK KRk *hk *kk Kk *hkk  kkk *hk KAk kkk  kkk
beta_cryptoxanthin Rk ke kRR kRw ke deded  dekd kkk hkk dekk Rk ek kR ek Rk Rk kA kRR FT 23 Whk kR kkd  kRk
carotene diol (1) ** *** *%k ek kaw ok dokk kkK KRR KKK KKK Rkk KhA  KRK KKK KKK KK kK ok KRk Kkk KKK RKK
(S)—3-hydroxybutyrylcarnitine *hK RRE AK L R e Hhk dekE *k Hhew ERE KRR AR Exn KRk kkE Kk kA
*h Khk kAR *k Khkk  hkkk  Rkk *h hhkk  kkk Ak kK Rk *kk KAk kAN KRk kkk kK

1,2—dilinoleoyl-GPC (18:2/18:2)
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Validation in Super Seniors

548 Super Seniors and 119 age-matched controls

20 ke
I 1
Hazard ratio ¢
MAD (N=667)  (1.0425.12) <0001 @
: ]
: 10 -
European '(:ﬁ';fs,g referencdll :
. ®
. Phenotype
. o
'(|',§=UsE1 2) . 353% 58) ! B i 0.0012** % E Age-matched controls
: E Super Seniors
Age (N=667) (10851 L <0.001 ***
- 01
: o
Sex '(:N= 407) referencdlll
M 150 .
(N=260)  (1.19°1.89) o ' <0.001
# Events: 334; Global p-value (Log-Rank): 4.2244e-11 -10 ®
AlC: 3782.5; Concordance Index: 0.66 15 2 2.5 3 35 4

Age—match'ed controls Super éeniors
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Link with epigenetic biomarkers

Model’ Predictor C-index HR 95% ClI p-value”
Multi-omics MAD 0.806 1.07 [1.05-1.10] 1.52 x 1078
GrimAge v2 0.806 1.08 [1.00-1.18] 0.049
SweetSpotClock MAD 0.783 1.07 [1.05-1.10] 6.49 x 1071°
GrimAge v2 GrimAge v2 0.751 1145 [1.07-1.23] 8.23 x 107°
GrimAge v1 GrimAge v1 0.744 1145 [1.07-1.24] 2.80 x 107*
PhenoAge PhenoAge 0.710 1.03 [0.99-1.07] 0.159
Hannum Hannum 0.694 0.99 [0.94-1.05] 0.733
Horvath Horvath 0.694 0.99 [0.94-1.04] 0.574

" Hannum and Horvath Pan-Tissue clock were available in the CLSA COM dataset. PhenoAge, GrimAge v2 and GrimAge v1 were calculated
using the Biolearn Python library. All models were adjusted for age and sex. Association were determined by Cox proportional hazards models,
on a set of 1242 participants with available DNA methylation data who had not withdrawn from the study by the second follow-up with 64 death
_events.

p-values obtained from two-sided Wald tests.
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DNA methylation

» Epigenetics = heritable changes in gene NH, N,
expression without altering DNA sequence /U DNMTs | - o

« Shaped by environment, development, and aging /\T — /\T

* Occurs at CpG sites, often clustered in CpG Sytosine g methyloytosine
islands

« ~70% of gene promoters contain CpG islands . o oNMTs

« Methylation at promoters and CpG shores WE;“ WKZ“
regulates gene expression

) 1’284 Samples and 783,136 CpGS after QC Open sea 5' Shelf 5' Shore CpG island 3' Shore 3' Shelf Open sea

> 50% GC

Beta value = proportion of methylation at each
CpG site: 0 (unmethylated) to 1 (fully methylated)
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Epigenetic analysis

Genome-wide Aggregation Biological insight Epigenetic
analysis biomarker

Differentially methylated _  Differentially methylated

positions (DMP) regions (DMR)
N
X Gene set @
% . enrichment
analysis
4 Differentially variable ,  Differentially variable _»
positions (DVP) regions (DVR)

—>

Vishnyakova O, et al. Epigenetic signature of heterogeneity in aging: findings from the Canadian
Longitudinal Study on Aging. 2025 bioRxiv 2025.08.25.671156
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Epigenetic analysis

Genome-wide
analysis
Differentially methylated
positions (DMP)
2,742 DMPs
Q
% .
4 Differentially variable
positions (DVP)
3,386 DMPs

Aggregation Biological insight

— Differentially methylated

regions (DMR)

448 DMRs
452 genes

Differentially variable
> regions (DVR)

488 DMRs
443 genes

enrlchment

Epigenetic
biomarker

~ 67 GO terms

immune system process
nucleolus
immune response

inflammatory response

regulation of immune system
process

defense response

positive regulation of immune
system process

response to molecule of
bacterial origin

cellular response to molecule
of bacterial origin

response to lipopolysaccharide

2.8

3.2 3.6 4.0
False Discoverv Rate

. No. genes
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DMP-DVP-based epigenetic biomarker

Construction of Construction of
DNAm-based health epigenetic biomarker
deficit scores
Bi W;

 mm——
Frailty index

Differentially .—[;
methylated positions a; o W2
= n >
»

Physical function e

j E i Time to death

Differentially
variable positions Yi W3
~——5

LY

Cognitive function
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DMP-DVP-based epigenetic biomarker

Outcome  Biomarker HR [95% Cl] p-value  C-index (SE) AUC

Mortality = DMPs- and DVPs- based 1.125 [1.015-1.247] 0.024 0.877 (0.036) 0.8984
DMPs-based 1.119[1.012-1.238] 0.029  0.874 (0.038) 0.8972
DVPs-based 1.120 [1.010-1.242] 0.032  0.855(0.038) 0.8712
Frailty Index 1.060 [1.010-1.112] 0.019  0.831(0.072) 0.8604
GrimAge acceleration (v2)  1.034 [0.979-1.091] 0.233  0.829 (0.054) 0.8691
GrimAge acceleration (v1)  1.029 [0.978-1.084] 0.271 0.825 (0.058) 0.8613
Methylation Risk Score 1.054 [0.937-1.185]  0.383  0.810 (0.063) 0.8320
PhenoAge 1.021 [0.937-1.113] 0.635  0.801 (0.073) 0.8476
Shannon entropy 0.973[0.813-1.163]  0.761  0.798 (0.074) 0.8163
Null model - - 0.796 (0.075) 0.8408

Hazard Ratios (HR) and concordance indices (C-index) for aging biomarkers.
All models are adjusted for age and sex. Estimates are based on a sample of
187 individuals with 14 deaths observed over six years.
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Metabolomic vs. Epigenetic biomarker

23% 41% 41% 27%

\§ / e - %

° °
R=0.34, p<2.2e-16°
[
[
20 0,
36% 32%
g 101
(0]
e
)
2 0
C
(0]
D
o
L
~10-
_20-
20 0 20 40 60

Metabolomic age (yr)

39



Takeaways

Key Findings:

* Proposed method detected phenotype-specific dysregulation

* Omics biomarkers were predictive for mortality and the onset of age-related diseases
« Methylation variability captures unique aging signals

Utility and Impact:

» Generate individualized health report card

 |dentified dysregulated pathways are potential therapeutic targets
» Guide lifestyle prevention efforts

Future Directions:
« Explore interventions to modulate biological age deviation
* Develop multi-omics biomarkers
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