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Part 1: Health Impacts of Ultrafine Particles
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UFPs in Montreal, Canada
Spatial and Temporal Variability

Public transit bus next to a coach passenger bus
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Studies of Short-Term UFP Exposures:
Acute Cardiovascular Effects among Cyclists




Studies of Short-Term UFP Exposures:
Scripted Cycling Routes




Studies of Short-Term UFP Exposures:
Decreased Endothelial Function
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Studies of Short-Term UFP Exposures:
Decreased Heart Rate Variability

Exhaust-ing ride for cyclists: Air pollutants
trigger heart risk

In big cities around the world, cyclists breathe an array of pollutants from exhaust-spewing cars. A
new study has now found a link between cycling on high traffic roads and heart risks. Even healthy
cyclists had harmful changes in their heart rates. Experts say cyclists should stick to their
two-wheels, however, pointing to simple solutions to reduce exposure.
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"A very he althy persc:m 1 ]JLE a Ferrar." said Arden Pope, an
expert n the health effects of air polludon and professor at
NEW YORK - Even by diis Brjocham Young University in Provo, Utah. "Step on the gas and 1t

standards. the Garment Disoric

wnposing place o rice a bike. e a]lv woes fast. Step on the brakes and 1t rea]h' slows down. The
A never-ending parace of delify 1y g heart, vou want it to be like that too.’

rumbles along 8th Avenue ber
and 42nd sreets, leaving a wal
exhaust for cvclises to feel, sme

breathe. But with lower heart rate vanabilicy, the heartis behaving more
like a minvan than a Ferrarl, Pope said. meaning that it 1s less
able w respond to stress.

Bv Brere Israel
Environmental Healch News

July 6, 2011



Studies of Short-Term UFP Exposures
Correlations with Other Air Pollutants

- In Canada, UFPs tend to be weakly/moderately correlated
with other pollutants (e.g. PM2 s, black carbon, NO»y)

- Values less than 0.4 are typical

- This likely relates to the fact that Canada has



Example: Pollutant Correlations
Personal Exposure Study in Montreal (n=93)
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“What about Chronic Health Risks?”




Estimating Spatial Variations in UFP Exposures
Land Use Regression Models
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Cohort Studies of Long-Term Health Impacts
Ontario Population Health and Environment Cohort (OnPHEC)

All Ontario residents who on April 1, 1996, (1) were alive, (2)
had a health card number, and (3) had recorded birth date and
sex

(N = 10,768,635) /

- Exclude if not between 35 and 100 years of age,
on April 1, 1996

(N =5,291,074) e/

A4
/

\4

All adult residents in Ontario on April 1, 1996

(N =5,477,561)

- Exclude landed immigrants
- Exclude if not had lived in Ontario between
>| April 1, 1991 and March 31, 1996

(N = 535,255)

\4

ONPHEC (N =4,854,759)

International Journal of Epidemiology, 2017, Vol. 46, No. 2



Cohort is linked to Environmental Exposure Data
and Health Registry Data (Disease Incidence)

Registered Persons Database
(Source population)
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International Journal of Epidemiology, 2017, Vol. 46, No. 2

4 4 (" 4 y
Environmental Social Individual risk Healthcare Clinical
characteristics demographics factors services events

7
Ambient air Citizenship National Ontario Office of the
pollution and Population Health Registrar

B Immigration | Health " Insurance | General

Canada Survey Plan Deaths
Database Database Database
. ( . ) . ( . ) Ontario
Meteorological Canadian Canadian Ontario | Hypertension
|| conditions Census Community Drug Database
-1 Health Benefits
Survey Database Ontario
- @@ — | Diabetes
f Environmental b Discharge D
| noise Abstract T
- Database Myocardial
~ < \ ) Infarction
4 Database
Green space National >—<
— -| Ambulatory Ontario
Care || Congestive
- J Reporting Heart Failure
System Database
Ontario
| Dementia
Database
Ontario
|| Parkinsonism
Database
—
Ontario
Multiple
7| Sclerosis
Database




Simplified Cohort Study
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Long-Term Health Impacts
Heart Failure/Myocardial Infarction

- ONPHEC Cohort (1.1 million adults, Toronto, Canada)
. iIndependent of PMa s
and NO»

Table3. Hazard Ratios for Incident Congestive Heart Failure and Acute Myocardial Infarction According to Long-
Term Exposure to Ultrafine Particles and Nitrogen Dioxide, Toronto, Ontario, Canada, 1996-2012

Model® Incident CHF Incident AMI
HR 95% CI HR 95% CI
UFPs
Stratified by age and sex 1.06 1.04,1.07 1.06 1.04,1.08
Adjusted for neighborhood-level covariates® 1.04 1.02,1.05 1.05 1.03,1.07
Adjusted for comorbidity® 1.03 1.02,1.05 1.05 1.02,1.07
Adjusted for PM5 5 1.03 1.02,1.05 1.04 1.02,1.06
Adjusted for nitrogen dioxide 1.02 1.00, 1.03 1.05 1.03,1.07
Adjusted for PM, 5 and nitrogen dioxide 1.02 1.00, 1.03 1.05 1.02,1.07

Am J Epidemiol. 2019;188(1):151-159



Long-Term Health Impacts
Hypertension/Diabetes

ONPHEC Cohort (1.1 million adults, Toronto, Canada)

and NOo

Exposure

Hypertension

Diabetes

HR (95% CI)

HR (95% CI)

Ultrafine particles (per IQR )
Stratified by age and sex
Adjusted for medical
comorbidities?

Adjusted for neighborhood-
level covariates®

Adjusted for PM,,
Adjusted for NO,
Adjusted for PM, . and NO,

1.04 (1.03
1.04 (1.03

1.03 (1.02

1.03 (1.02
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; Independent of PM2 5

(Epidemiology 2018;29: 323-332)



Long-Term Health Impacts
Respiratory Outcomes in Adults

- ONPHEC Cohort (1.1 million adults, Toronto, Canada)

Table 4 Hazard ratios (HR) and 95% Cls for the incidence of chronic obstructive pulmonary disease (COPD), adult-onset asthma and
lung cancer in relation to an IQR increases in each pollutant in Toronto, Canada

Exposure Model COPD (1996-2012) Asthma (1996-2012) Lung cancer ¢ (2001-2012)
HR 95% Cl HR 95% Cl HR 95% Cl

UFPs UFPs only ® 0.96 0.95 0.97 1.02 1.01 1.02 0.97 0.95 0.99
+ Neighborhood-level covariates © 0.95 0.94 0.96 1.00 0.99 1.01 0.97 0.95 0.99
+ frailty term for neighborhoods 1.06 1.04 1.08 1.01 1.00 1.02 1.00 0.97 1.03
+ Medical comorbidities ¢ 1.06 1.04 1.08 1.00 1.00 1.01 1.00 0.97 1.04
+ PM,s © 1.07 1.05 1.09 1.01 1.00 1.02 1.00 0.97 1.04
+ NO, © 1.01 0.98 1.03 1.00 0.99 1.01 0.98 0.94 1.01
+ PM,5 and NO, © 1.01 0.98 1.03 1.00 0.99 1.01 0.98 0.95 1.01

But, we recently reported evidence of a relationship between UFPs and
(Am J Crit Care Med, Lavigne E)

HR =1.05 (95% CI: 1.01, 1.09) after adjusting for PM2.s and NO»o.



Long-Term Health Impacts
Incident Brain Tumours (2001-2016)

Canadian Census Cohort (1.9 million adults, Toronto/Montreal)

; Independent of PM2 5
and NO»o
Model HR (95% CI)
Base Modela 1.10 (1.03, 1.17)

Fully Adjusted Multi-Pollutant Models

All SES 1.09 (1.03, 1.16)
All SES + NO> 1.10(1.03, 1.18)
All SES + PM2s 1.10 (1.04, 1.18)
1.1 .04, 1
1.1 .03, 1

All SES + PM25+ NO> 11 .19)
All SES + PM25+ NO2 + Indirect Adjustment for Smoking and BMI 3 (1 .24)

On an absolute level:



Cohort Studies of Long-Term Health Impacts
UFPs and Incident Brain Tumours

Canadian Census Cohort (1.9 million people, Toronto/Montreal)
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Summary

- UFP exposures appear to have important public health
impacts

are most consistent to
date

New evidence related to IS concerning:
we know that UFPs can reach the human brain
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Traditional Approach to Modelling Spatial
Variations in Environmental Pollutants

Geostatistical models

Geospatial

data
yi=a+xpB +xB,+¢

Metric sampling Estimated environmental

. Regression modelling .
Environmental and extraction concentrations

measurements
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Traditional Approach to Modelling Spatial
Variations in Environmental Pollutants

- But...

- GIS data are available on a limited spatial scale

- Predict one pollutant at a time

- Difficult to evaluate interactions 3

- GIS data does not reflect the environment as we experience it

25



A Picture Tells a Thousands...Exposures?
Local Level 26
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A Picture Tells a Thousands...Exposures?
Regional Level




~Scott thinking at his desk, Spring 2018

“Can we use large datalbases of paired image/pollutant
data to predict environmental exposures? ”

“What on earth is convolutional neural network? ”

28



Deep Convolutional Neural Networks
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How Does Learning Happen?

Slope is negative here. Must go in positive direction

Layer Slope is positive here. M

(data transformation)

v

Layer
(data transformation)

Weights —

Weights [—»

‘ +
Weight Predictions True targets |
update Y' Y ) Reach Here!

CEORCED R
https://vatsalbits.wordpress.com/2017/04/09/stochastic-
Loss score J

from Deep Learning with R

Repeat this process many times!



Predicting Annual Average PM25 using
Satellite Images

We created two large databases to train our models:
~20,000 images/ground measurements from ~6000 sites
(available from the WHO)
>100,000 images/ground estimate for North America lbased
on remote sensing data

http://arxiv.org/abs/1906.03975




Predicting Annual Average PM25 using
Satellite Images

- For each location, download Satellite images using ggmap

in R (two different zoom levels)

- Created disjoint training (80%), validation (10%), and test
sets (10%)

- Evaluated several model architectures (Inception V3,
Xception, VGG16).

- Run models using the keras package in R and Python



Actual PM, g (ug/m3)

Figure 1. Measured versus predicted PMa2 s concentrations Globally (A) and in North American (B).
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Visualizing Filters (Early Layers)




How Does Our IMAGE-PM25 Model
Compare to the Current “Gold Standard”?



Global PM2s Range: ~1 - 400 ug/ms3

Best in the World (GBD Model) RMSE
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Global PM2s Range: ~1 - 400 ug/ms3

Best in the World (GBD Model) RMSE

12.10 ug/m3

13.01 ug/ms3




DIMAQ Predicted PM, 5 (pg/m®)
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And Still Improving....Two Input Model

IMAGE-PM25
RMSE (as of last week)

12.43 ug/ms3




Best in the World Model Input

Satellite Remote sensing (AOD)
Chemical transport models
Elevation data

Land use information

Bayesian Hierarchical model
Lots of greek letters

But no temporal component...yet!



What is Next?
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Classifying
Acoustic Scenes

“Machine Listening”

Classification accuracy of 83% across
15 acoustic scenes

Sound provides information about
location

Location is important for exposure!

There is exposure information in audio
data

We hope to find it!

JOURNAL OF IATX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

beac.
bus
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car
city.
fore.
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home
libr.
metr.
offi.
park
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trai.

tram

Fig. 3.

Acoustic scene classification using
convolutional neural network and
multiple-width frequency-delta data augmentation

Yoonchang Han and Kyogu Lee, Senior Member, IEEE
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Amplitude

Audio Data (.wav file)
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Expanding the Spatial Scale of UFP Models

Montreal UFP
>40,000
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Local Images
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Environmental
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Combine Multiple Inputs to estimate exposures to Multiple
Pollutants

* Air Pollution

Audio Data

We want to understand the collective impact of the urban built
environment on exposures and disease
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A picture tells a thousand...exposures: Opportunities and challenges of deep M)

Check for

learning image analyses in exposure science and environmental i
epidemiology

Scott Weichenthal™*, Marianne Hatzopoulou”, Michael Brauer"

# McGill University, Department of Epidemiology, Biostatistics and Occupational Health, Montreal, QC, Canada
® University of Toronto, Department of Civil Engineering, Toronto, ON, Canada
€ University of British Columbia, School of Population and Public Health, Vancouver, BC, Canada



Thank You!

'''
.

J ' 0

’3 *: ’ . - . .;

Collaboratofé' Y e SN “LEE

-~ Marianne Hatzopoulou Eri i '
4 Shekarrizfard, Rick Burnett

“SR¥swyk, Kris Hong, Li Bai,’ I-lcﬁ'rg c en, .2

—

e~ Health  Santé
I*I Canada Canada o f

- -
— -— -—

-

The Cancer R
| I Research CIHRIRSC W
v -‘ Somety 0 Wl Soracaniosues oo rechoren I8 pRae

= aw e TR

4 Interdisciplinary Initiative in
Infection and Immunity

M|i}
ea—

NsEnc,
CRSNG




