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Population cohorts or laboratories unlocks
potential to improve health

[ 3 .
& & Questions that can be answered:
1 in 2 Canadians will die from cancer or a
chronic disease How do we address the root causes of health
and disease in the population?
oo
. . . . _ What can we do to improve our health?
1 in 2 Canadians will be diagnosed with
cancer What can we do together to build healthier

communities? Impact of environment?

0,0,0,0,0
ﬁ ﬁ ﬁ ﬂ ‘ Can cancer and other serious illnesses be

1 in 10 Canadians live with asthma or detected years earlier?
COPD

0=0=0=0| ﬂ.l H.H = How do we build learning health systems that

. . L _ improve outcomes?
1 in 12 Canadians are with diagnosed with
heart d isease *Manolio et al, Nature Reviews Genetics 2006 (re: value of prospective cohorts).
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https://www.nature.com/articles/nrg1919

CanPath is Canada’s largest population health
research platform

CanPath provides a national platform for population-level health research in Canada and

globally.
° » CanPath collects real-world data from one in every 100 Canadians to
o™e enable discovery and innovation in disease detection, treatment, control
2o TAT Mo 2 and prevention
oe™O mmomm O
-&-&o-o&?&- L
® &&?&?&- ° * Over the past decade, CanPath has brought together scientists across
.&&?&?&&. Canada and leveraged over $208 million in investments to create the
&?&?& nation’s largest population cohort and biobank
-&-
- » Canada has a unique opportunity to leverage the CanPath platform to

advance government priorities and build a healthier Canada

CanPath



CanPath is following the health of over 330,000 adult
Canadians for decades

¢

Questionnaire
Data

Y

Long-term

Biological
Follow Up

SENIES

g §

Physical
Measures

‘CanPath ()Y L




CanPath National Leadership Team
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Over 330,000 participants have completed
detailed questionnaires over the years

T Participant demographics Enrollment Follow-Up
Changes in health status

@ Mental Health
Medical history

Participants

Prescribed medication completing
_ _ questionnaires
Famlly health hIStOI’y over t|me a”OWS

researchers to
see changes in
®=| Working status health conditions

Anthropometric measurements

Household income

Behaviours (sleep, alcohol, tobacco, marijuana use, and e-cigarette use)



CanPath has collected over 1,600 variables on disease
outcomes across multiple timepoints

Number of variables collected across disease categories

Over
one billion
data
elements
and
growing!

CanPath



» Collected detailed information on
vascular disease, cardiac disease
and cognitive function using MRI
scans

« Data collected from 10,000
Canadians through existing
cohorts, including 1,500 First
Nations people living in Canada

« These unique data are being used eri?n?' Sonia
to evaluate the impact of different Dr. Matthias
environmental determinants on {:hrleldrtlcgargd )
cardiovascular health Ty e rn e

CanPath



CanPath will be the first Canadian cohort to host national
cohort data and administrative data at a central location

Linkages between the CanPath cohort and the Canadian Institute
for Health Information (CIHI) administrative health data are
underway.

Canadian Institute

Individual-level linked CIHI data (N=290,000) will be hosted
for Health Information

alongside the harmonized national CanPath dataset and made
available to approved researchers requesting administrative
health data along with cohort data and/or samples.

Institut canadien
d'information sur la santé

CanPath will be the first Canadian program to be able to combine
the wealth of cohort resources with national administrative level
data in a central location.

CanPath



Enabling research breakthroughs to improve the
health of Canadians

» CanPath enables research across health domains to improve disease prevention, detection, treatment and
health services

« CanPath data and biological samples are available to researchers to study a wide range of exposures
(environment, lifestyle, etc.) and outcomes (common chronic disease, rare disease, infectious disease, etc.)
» The longitudinal nature of CanPath enable scientists to perform health-related research today and for years to

come
» CanPath enables a healthier Canada by building and hosting harmonized national self-reported health data
alongside linked administrative health data

Retrospective Prospective
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The Canadian Urban Environmental Health
Research Consortium

« All CanPath participants have
been linked to CANUE
environmental exposures

» Every location in Canada can be
described by a complex set of
environmental factors

e CANUE is building the capacity to
study how these multiple
environmental factors are
linked to a wide range of health
outcomes
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Profiling pre-diagnosis plasma cell-free DNA methylomes up to seven
years prior to clinical detection reveals early signatures of cancers

Nicholas Cheng
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Treating cancer early increases survival
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Cancer

Current effective population-based screening recommendations
e Breast cancer (ages 50 — 74)
Regular mammography every 2 to 3 year
e Colorectal cancer (ages 50 — 74)
FOBT every 2 years or flexible sigmoidoscopy
every 10 years
e Cervical cancer (ages 25 — 69)
PAP smear every 3 years
e Lung cancer (age 55 — 74 smokers)

Low dose CT
Canadian Cancer Statistics (2018)
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CanPath is building the Canadian Cancer Study to
advance Canadian cancer research and discovery

» CanPath is building the Canadian Cancer Study to
advance research and discovery for the leading case of
death in Canada

» With linked clinical information, we can identify which
garticipants joined the cohort before developing
isease

* Using samples collected before disease onset, we are
able to develop novel approaches to detect disease
years before current methods

» We are adopting a multi-stage approach to build the
dataresources required to enable early cancer
prevention and detection research:

* Harmonizing aggregate cancer data reporting nationally
* Hosting linked individual-level cancer outcomes

CanPath



Mapping cancer cases in the CanPath cohort

CanPath

We are leveraging provincial linkages to map
map CanPath cancer data and biosample
holdings

All cancer data is collected and grouped
according to Canadian Cancer Statistic
guidelines

Regions included:

Atlantic Path

Alberta for Tomorrow Project
Ontario Health Study

BC Generations Project



Liquid Biopsy Approaches for Early Cancer Detection

‘CanPath ()~ ¢



Cell-free DNA as a biomarker of disease and tissue damage

Cell-free DNA (cfDNA) are typically shed
from dying cells.

While most cfDNA circulating in blood are
derived from leukocytes, increased
shedding from other tissues can be
indicative of tissue damage and diseases.

Cell-free DNA genomic, epigenomic and

fragmentomic signatures can be utilized as
biomarkers for early disease detection.

‘CanPath... ()~ ¢



DNA Methylation Patterns Discriminates between
Cancer/Normal tissue and Cancer Tissue of Origin
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Leveraging population cohorts to study early cancer detection prior

to clinical detection

Pancreatic Cancer

Breast Cancer
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Kirsh et al. International Journal of Epidemiology (2022) Followup time (years)
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ldentifying pre-diagnosis cases up to seven years

within OHS
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Shen, Singhania, Fehringer et al. 2019 Nature

prior to diagnosis
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Discriminating individuals that will develop cancers using
pre-diagnosis cfDNA methylation signatures
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Pre-diagnosis cfDNA methylation signatures share concordant signatures
with bulk cancer tissues

OHS Pre-diagnosis Cancer vs Control
cfDNA hypermethylated regions

40
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-40

TCGA Bulk Cancer Tissue vs PBL/Adjacent S
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-60 -30 0 30 60
tSNE Dim 1
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Breast Normal
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25
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cfDNA methylation signatures predicts breast cancer
In pre-diagnosis blood samples

OHS Pre-diagnosis Discovery Set

Diagnosis Time
—0-1
1-2
2-3
3-4
4-5
Discovery Cohort: Random forest model per iteration: —All
Pre-diagnosis breast cancer cases (n = 67) 1000 Trees Overall AUC = 0.778
Matched controls (n = 59) 150 Hypermethylated Regions
Tuning with 10-fold CV with 10 repeats

Cheng et al. (in Review)
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Performance varies for cancer subtypes and age of diagnosis
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cfDNA methylation signatures detects breast cancers
prior preceding mammogram
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Prostate Cancer Integrated feature score performance
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Future work: Pre-diagnosis cfDNA signatures are generalizable to other cancers
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Alcohol associated DMRs that overlap breast cancer DMRs
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Future work: Can we see signatures of specific risk factors associated with cancer or disease?
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Summary

Large population cohorts enable
pre-diagnosis profiling of
diseases for biomarker and early
evolution studies

Genome-wide interrogation of
pre-diagnosis cfDNA methylomes
reveals enrichment for bulk
cancer tissue methylation profiles

Discriminatory signatures indicative
of cancers can be captured up to 7
years prior to diagnosis in cfDNA
methylomes

cfDNA methylation
signatures can predict
early cancers before
conventional diagnoses
and are highly

CanPath ...



What factors contribute to healthy aging of blood?

Genetics

gene expression
exercise

environment

sex

genetics

diet \

Functional
‘ genomics

‘CanPath ()Y ¢

epigenetics




Mechanisms of healthy aging in
blood cells using single-cell -omics

Elyssa Bader, PhD
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Classical studies of aging don’t capture tissue-specific
variation

Centenarian Health check
brain
lungs
liver

...etc

heart ©@
blood @
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Intermountain risk score predicts 5-year mortality

CBC data + age _ _
n = 25 000 5 year follow-up Risk modeling
@ g /
Cell count

Horne et al. (2009) Am J Med 36



Intermountain risk score predicts 5-year mortality

CBC data + age
n =25 000

[=—
e

5 year follow-up Risk modeling

/

Cell count

Mortality risk

Low IRS = Low mortality risk = Healthy blood

Horne et al. (2009) Am J Med



Complete blood count Risk Score increases with age

CRS is a modified version of Intermountain Risk Score! without the age effect

1.001

o
-\J
)

Proportion of Participants
o
on

-~ comparable across all ages

Age Group

Low mortality
risk

70-75
| 60 - 69
0.50 B 5050
B 40-49
B 30-39

0.00+

2 345 6 7 8 910+

CRS

, High mortality

risk

Variables in CRS

Hematocrit

White blood cell concentration
Platelet concentration

Mean corpuscular volume

Mean corpuscular hemoglobin
concentration

Red blood cell distribution width

Horne et al. (2009) Am J Med



ldentifying mechanisms of healthy aging in blood
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ldentifying mechanisms of healthy aging in blood
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ldentifying mechanisms of healthy aging in blood
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ldentifying mechanisms of healthy aging in blood
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ldentifying mechanisms of healthy aging in blood
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Variance of blood cell phenotypes among aged and young
low-risk individuals smaller compared to high-risk

ns ns ns
Young: 30 — 45 years old
Aged: 65 — 79 years old
Low-risk: CRS 0 -3 * * *
High- risk: CRS 5+ ns ns ns

p-values calculated from Levene’s test for variance

‘CanPath ()~ L



Single-cell RNA sequencing identifies major blood
cell populations from bio-banked blood samples

No self-reported

disease
YL YH AL AH
n=104 n=106 n=109 n=109
CD45+
~2500 scRNA-seq Bulk ATAC-seq
cells/sample

(10X Genomics)

SNP calling Individual

& imputation  peak calling
Create reference

data set
(n= 100K cells)

Population peak merging

Label transfer
Reference dataset Query dataset

Peak filtering



Summary

Factors contributing to healthy blood aging

Genetic and
transcriptional
variation associated
with healthy blood
aging is sex and cell
type specific

Genetic regulation of gene
expression associated with
CRS ininnate cells is
stronger and more abundant

Mechanisms of healthy blood aging

Maintenance of gene
expression similar to
young individuals

Maintenance of
repressed chromatin

46



CanPath is a partnership between leading health
Institutes from coast to coast

Hosted In partnership with:
by:

National Funder:

Regional cohorts:

Regional Funders:

‘CanPath ()~ ¢
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Personalized approaches to improving health outcomes
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Personalized approaches to improving health outcomes
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Differentially methylated regions in cell free DNA

Sources of DMRs in cfDNA

1) Disease process altering
tissue or immune methylation
profiles (eg cancer)

2) Increased cfDNA shedding
from damaged tissues (eg
organ transplant)

3) Consequence of

environmental exposure (eg
alcohol)

CanPath O ™



Integration with international efforts

For Canada to be competitive in health research, it is crucial to have a large population cohort.

CanPath is 23andMe
Canada’s only initiative Biobank Japan
working with other China Kadoorie Biobank
large cohorts around the Canadian Partnership for Tomorrow's Health (CanPath)

world through IHCC . EPIC
(International Hundred Kaiser Permanente Research Program

Thousand Cohort Consortium . LifeGene
Million Veteran Program

Million Women Study

Multiethnic Cohort Study

MyCode Community Health Initiative
Nurses' Health Study (NHS/NHSII)

US Precision Medicine Initiative/All of Us
Tohoku Medical Megabank Project

UK Biobank

International 100K Cohort Consortium

CanPath




CanPath With Thomas Keane and Melanie Courtot



Predicting health outcomes from hematopoietic evolution

KIMBERLY SKEAD,

DEPT. MOLECULAR GENETICS, UNIVERSITY OF TORONTO AND THE ONTARIO
INSTITUTE FOR CANCER RESEARCH

NATIONAL SCIENTIFIC COORDINATOR, CANADIAN PARTNERSHIP FOR TOMORROW'S
HEALTH (CANPATH)

@ AWADALLA LAB

Pioneering Genomics for Precision Health.

CanPath




Somatic mutations accumulate in our blood over time

» Blood cell hierarchy derived from
population of stem cells (HSCs)

 HSC populations are very tightly
regulated

 Age-Related Clonal
Hematopoiesis: the preferential
expansion of blood cells that carry
recurrent somatic mutations

 ARCH almost inevitable in elderly

* Increasedrisk of cancers and
potentially other chronic diseases

‘CanPath ()~ ¢



Somatic mutations accumulate in our blood over time

403

400+
» Blood cell hierarchy derived from
population of stem cells (HSCs) 300

200-

No.

 HSC populations are very tightly
regulated

100

 Age-Related Clonal
Hematopoiesis: the preferential e

expansion of blood cells that carry & N T e Ty e
recurrent somatic mutations cene
 ARCH almost inevitable in elderly
* |ncreased risk of cancers and
cardiovascular disease
f N\ /40 o\

Figure from Jaiswal et al. NEJM (2014), Jaiswal et al. 2014, Genovese et al. 2014, Xie et al. 2014, Loh et al. 2018



Interacting evolutionary pressures in blood shape
health outcomes as we age

How does our blood evolve Why are large mutations
as we progress to disease”? tolerated in our blood?
—

Skead, K., et al. In review at Nature Genetics
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Why are large mutations tolerated in our blood?

Intensity

Genotype Array
Figure adapted from Loh, P. et al. 2018
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Why are large mutations tolerated in our blood?

Mosaic chromosomal alterations
(mCAs) were found in approximately
5% of the population

‘CanPath ()~ ¢



Why are large mutations tolerated in our blood?

Mosaic chromosomal alterations
(mCAs) were found in approximately
5% of the population

‘CanPath ()~ ¢



ARCH attributable to mosaic chromosomal alterations is three
times more common than previously estimated

Mosaic chromosomal alterations
were called from genotype array
data across ~14,000 individuals

] CN-LOH
[ Gain
[] Loss

‘CanPath () ¢



ARCH attributable to mosaic chromosomal alterations is three
times more common than previously estimated

Mosaic chromosomal alterations
were called from genotype array
data across ~14,000 individuals

We capture a higher prevalence
of mCAs (2.5x) than previously
reported using denser sequencing
arrays

‘CanPath ™ (el



ARCH attributable to mosaic chromosomal alterations is three
times more common than previously estimated

Mosaic chromosomal alterations
were called from genotype array
data across ~14,000 individuals

We capture a higher prevalence
of mCAs (3x) than previously
reported using denser sequencing
arrays

Length of mCA (log10 transformed)

that were
previously missed

‘CanPath (YO




Determining the impact of selection on shaping mCA
accumulation in blood

Low cell fraction High cell fraction

Cell with mCA Cell with no mCA

‘CanPath ()~ L



Determining the impact of selection on shaping mCA
accumulation in blood

Low cell fraction High cell fraction
Cell with mCA Cell with no mCA
Under a
between the
frequency of a mCA and the size of a mCA Length of mCA (log10)

‘CanPath ()~ L



Larger mosaic chromosomal alterations are observed at low frequencies in the hematopoietic pool
The size of mCAs impact the frequency at which they segregate in our blood

from the hematopoietic population

Length of mCA (log10) Length of mCA (log10) Length of mCA (log10)

B Gain [] Loss 18

[] CN-LOH

CanPath




Genome-wide hotspotting approach detects regions
which harbour a high burden of mosaic chromosomal
alterations

mCA



MCAS accumulate across ARCH- and cancer-associated
genes

19



MCAs accumulate across ARCH- and cancer-
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MCA hotspots suggest positive selection is shaping mCA
retention and frequencies across the genome

mCAs accumulate across ARCH- and
cancer-associated genes

-]
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MCAs which overlap at least one hotspot
are at a significantly higher cell fraction
than mCAs which do not overlap
hotspots
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Positive selection may be retaining cell
fractions at higher frequencies at select
regions of the genome
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Individuals with at least one mCA are at significantly
greater risk of progressing to blood cancer

Variable N | Hazard ratio p
Number of mCAs 0 7306 .: Reference

1-2 272 i il 5.06 (2.47, 10.38) <0.001

3+ 18 i —l—| 26.80 (8.30, 86.56)  <0.001
Age 7596 :. 1.08 (1.04, 1.12) <0.001
Sex FEMALE 4721 -: Reference

MALE 2875 i HIlH 2.63 (1.52, 4.56) <0.001
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Key take-aways

mCA-associated ARCH is much more
common in the population than previously
estimated

Selection plays arole in maintaining structural
variability in the population and on shaping the
impact of mCAs on gene expression

MCAs are preferentially retained at regions
implicated in cancer and ARCH and are
associated with an increase in cancer risk

Interrogating mutational spectra through a
multi-omics lens can shed light on how
somatic mutations impact cancer risk
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Variance of blood cell phenotypes among aged and young
low-risk individuals smaller compared to high-risk

Young: 30 — 45 years old
Aged: 65 — 79 years old

Low-risk: CRS0-3
High- risk: CRS 5+

p-values calculated from Levene’s test for variance
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Variance of blood cell phenotypes among aged and young
low-risk individuals smaller compared to high-risk

Young: 30 — 45 years old
Aged: 65 — 79 years old

Low-risk: CRS 0 -3 * * *
High- risk: CRS 5+

p-values calculated from Levene’s test for variance
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