COLLABORATIVE CENTRE FOR

Climate, Health & Sustainable Care . S, /Yy coumonmecome o
X TORONTO L/ Sustainable Cere

2025 Annual Symposium

Panel Session: Climate Costs of Health Al

Fiona Miller Chris Mcintosh Bettina Kemme Muhammad Mamdani
=
(& > \‘ -
"‘, / /
.
Panel Moderator The not so hidden costs Opportunities for The value tradeoff of
of Al models building sustainable data artificial intelligence in

science pipelines medicine



ML, Carbon, and Healthcare: The
not so hidden costs

Chris Mclntosh

Scientist, UHN
Assistant Professor, UofT
Chair of Al and Medical Imaging

Peter Munk - I
Cardiac D
Centre

H Medical I’Sinp]mysica E Computer Science
ga, UNIVERSITY OF TORONTO %? UNIVERSITY OF TORONTO

VECTOR
INSTITUTE



"M TED ROGERS CENTRE
. FOR HEART RESEARCH

Singlemodal

\ SN

Deep Learning

Image model
Input Image Target output

Single-modal Alignment
(One-to-one mapping)

])l'li,‘l' \[ll!)‘\
ﬁ\ Cardiac Centre
b Al Team

B Mclntosh
chris.mcintosh@uhn.ca



FOR HEART RESEARCH @
Mult-modal
Vision input

Text input

Multi -modal Alignment
(M any-to -many mapplng) What is this an X-ray of?

©® This appears to be a chest X-ray (CXR), which is used to visualize the structures of the chest,
including the lungs, heart, and bones. In this image, we can see the rib cage, the outlines of the lungs
(which appear darker due to the air content), and the central mediastinum, which contains the heart

and large blood vessels. The diaphragm, located below the lungs, is also visible.

Rich information!

O utp uts “Dx" and "Sin" likely correspond to the anatomical orientation of the image—Dx refers to “derecho”
(right) in Spanish and Sin to “izquierdo” (left).

If you need specific information regarding this X-ray or clinical interpretation, additional context or

medical expertise would be required.

OO POy
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FOR HEART RESEARCH @

Binding multiple modalities

TEXT
CXR shows
Normal
ECG shows
Sinus rhythm

Gao et al. MEDBInd Medical Electronic patient recorD Binding, MICCAI 2024 Chrﬂ@nynﬁézﬁ‘gu“mca
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TextOnly Models Clinical Expert TX KDMISSION.CXR ECG 0.650 0.745
. n i  MedCLIP + EC&LIP TX RoMiSSION 0.605 0.720

EncoderZoo : + EMB, : :
.0 i CXRCLIP + ECECLIP XR, ECG 0.599 0.716
oon MedBin : TX : 0.605 . 0.736
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FOR HEART RESEARCH

The Carbon of Training an Al Model

CO2 Equivalent Emissions (Tonnes) by Selected Machine Learning Models and Real Life Examples, 2022

Sourca: Luccianl at al., 2022 Struball &t al., 209 | Chart: 2023 Al Inday Raport

GFT-3 {175B)
Gophear (280B)

OPT (1758)

Car, fvg. Incl. Fusl,
1 Lifetirme

BLOOM (176R)

Amearican Lifa,
Avg., 1 Year

Hurman Life,
Avg., 1 Year

Alr Travel,
1 Passamgar, MY-5F

200 240 300 350
02 Equivalent Emissions (Tonnes)

B Mcintosh
chris.mcintosh@uhn.ca




FOR HEART RESEARCH @

But Where Is the Cost?

TEXT
CXR shows
Normal
ECG shows
Sinus rhythm

Gao et al. MEDBInd Medical Electronic patient recorD Binding, MICCAI 2024 Chrﬂ@nynﬁézﬁ‘gu“mca



FOR HEART RESEARCH @

Carbon Costs of Imaging

the carbon cost in kg of CO, emissions compared to standard activities familiar to the

patient, such as driving a car for a certain number of kilometers. Using the updated estimates

from Mc Allister et al., an abdominal US scan (0.5 kg of CO, emissions) corresponds to

driving a modern car for 4 km, a CT (9.2 kg of CO, emissions) for 76 km, and a resting MRI

(17.5 kg of CO, emissions) for 145 km [21]. This is a way to inform and explain to patients

Picano E, Mangia C, D'Andrea A. Climate Change, Carbon Dioxide Emissions, and Medical
Imaging Contribution. J Clin Med. 2022 Dec 27;12(1):215. doi: 10.3390/jcm12010215. PMID:
36615016; PMCID: PMC9820937.
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FOR HEART RESEARCH @

Some Math to Train a Model

s 400k Xxrays
. 13.000kg CO?
5 30k CTs
s 276,000kg CO2
5 30k MRI
s 525,000kg CO2
5 Patient travel? Etc.
s 814,000kg CO2
s 800 Tonnes + more than 500 for training!

§@® Mclntosh
chris.mcintosh@uhn.ca



FOR HEART RESEARCH

What About Inference?

task
] Text classification

Token classification
Extractive QA
Masked Language Modeling
Image classification
Multitask Text Classification
Object detection

Muititask Extractive QA

Text generation

Summarization
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Image captioning
Multitask summarization

Image generation

Sasha Luccioni, Yacinelernite, and EmmaStrubell. 2024. Power Hungry Processing: Watts Driving the Cost of Al Deployment? In Proceedings of the 2024 ACM Conference on
Fairness, Accountability, and TransparencyKAccT 24). Association for Computing Machinery, New York, NY, USA,188. https://doi.org/10.1145/3630106.3658542 1@1
G@ Mcintosh
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Cost for Inference?
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FOR HEART RESEARCH @

Inference on all CT scansaryeann Canada

AAcquire: 6,385,665 CT scans per year in Canada
A58,748 Tonnes of CO2 (enough to train GRBT100 times!)

Alnference:
A7.5gx256(slices)x6,385,665
A 12,260 Tonnes of CO2 (enough to train GFBT20 times!)
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Could Al reduce carbon?

AWhat if we can avoid readmissions?

TextOnly Models : Clinical Expert . TXFomssoncxrecs | 0.650 i 0.745
. n .  MedCLIP + EC&LIP TX RoMISSION 0.605 i 0.720

EncoderZoo : + EMB : :
0. CXRCLIP + ECE&LIP XRECG 1 0599 . 0716
. p MedBin TX . 0605 | 0736

MEDBlnd o - dNM N EI\E[%/IISSION
. n MedBind g, 5 XRECG i 0643 : 0.748
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In the News

BBC 2024
Goldman Sachs 2024
Electricity grids creak as AI demands ARTIFICIAL INTELLIGENCE
soar Al is poised to drive 160% increase in
Nature 2024 data center power demand

The carbon emissions of writing and illustrating are lower for

Al than for humans

X Al systems emit between 130 and 1500 times less COZ2e per

page of text generated compared to human writers, while Al

illustration systems emit between 310 and 2900 times less CO2e

LISNJ AYIF3S GKFY GKSANI KdzYly O2dzyd SNLI NI a X

International Energy Agency:

A Data centers account f&% of the demand growth worldwide 2024

A Data centers in the US account famost 50% of the demand growth in 2030
A C Al use and demand still quite local in some countries

17



What does this mean for a data

sclentist>-- Outline

AEnergy and carbon awareness

AUnderstand the concepts (energy, carbon intensity,
SY0O2RASR OFNDh2YysS XoU

ATradeoff analysis!

ADevelop energy/carbotow solutions

18
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A Effectiveness
A Mostly:
A How good does the model predict
A the bigger the bettely ! OOdzN} OésX t NBOA

A Depends on many things:
A Model size
A Model architecture
A Input data
A XD



System Performance Metrics: Computational Costs

A Efficiency
AHow long does it take to learn the model X

AThe less the better

ADepends on o , , i g
ARaZ2RSt aAl S | NOKAUSOUdzNB2Z R
Acomputer resources —

AHow much energy needed / carbon emitted

ra2al OdNNByd NBashKPKk R28ayaqi



Environmental Costs:

Carbon Emission

AEnergy = Power * runtime
AJoules / kwh (kilo watt hours)

ACarbon Emission:
AEnergy consumption * Grid Carbon Intensity GCI

ALocation AND time dependent
Ontario, 2#0ctober: 130 g CO2elgi/H

14
. & Il Québec
< 141 Ontario Q
i Emissions Electricity Emissions
Total electricity mix < Preliminary | electricity m O Preliminary
Oct 27, 2025, 3:00 PM EDT
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https://app.electricitymaps.com/map/zone/CGAN/live/fifteen minutes



https://app.electricitymaps.com/map/zone/CA-ON/live/fifteen_minutes
https://app.electricitymaps.com/map/zone/CA-ON/live/fifteen_minutes
https://app.electricitymaps.com/map/zone/CA-ON/live/fifteen_minutes

<=l Embodied Carbon

AHow much energy was used to produce the hardware

0 Raw Materials
,/7 \

7

End of «
Life TS prRODUCT

"~ =~
ol L A

( LIFE CHCLE J Manufacturing
5

/ 7>
Product Use - ,W

Transportation

True Carbon Emission of a ML task?

AEmission during runtime + amortized embodied
Carbon

25



Carbon Emissions of Data

ASee talk before

26



Effectivenessg, Efficiency Trad®ff



sl 1radeOff: Al Performance vs. Computational Costs
N
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Image from [Bianco al.@IEEBccess, 20185. Bianco, RCadenelL. Celona, Mapoletano Benchmark analysis of
representative deep neural network architecture¢EEE Access, 2018.
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<l CostMetric for Tradeoff

Heatmap of Mean Cost Metrics by PEFT Method and Weight Config (Excluding Decoldoer—only)

Just Efficiency - 0.00 0.39
Energy Prioritizer - 0.20 0.33 0.8
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.l Objective
ANo tradeoff!!
AAIm in better Al performance, no extra computation
AAIm in same Al performance, less computation

AAIm in better Al performance with less computation

Al performance vs. Computational Cost

» 100
3
© 75 O
=
£ 50 ®
o
g 25 ® O
@)

0

0 25 50 75 100

Al Performance 30



Towards energyaware and carbomaware
solutions



M Reduce Carbon Emissions of Data
ASee talk before
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0l More efficient hardware

LLM Infe‘rence Continues to Get“More Energy-Efficient

Pascal
17,000 Joules/token
%
\
\\
\\
\
\
\
\
\\
\
\
\\
\
\
\ Volta
\\ 1,200 Joules/token
\\ Ampere
\ 150 Joules/token
\ Hopper
10 Joules/token Blackwell
\—\\ 0.4 Joules/token
e — e °
2016 2018 2020 2022 2024
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More efficient hardware

At N2o6f SY MY WS@2yQa LI N RAIY
AMore efficient resource
A Demand for the resource increases
ATotal resource consumption rises

AProblem 2:

AReplacement cycle
AEmbodied carbon (of old and new hardware)

35
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Power Capping

AML algorithms do not use GPU to 100% all the time
AWnhenever not used fully, cap the powér use less energy

Tensor addition

—— Computation time
2.2 1 ~4— Energy consumption

400 600 800 1000 1200 1400
GPU frequency (MHz)

AChallenge:
AFind the sweet spot
ACap dynamically and autonomous

37
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ASchedule tasks when low carbon intensity!

workload

350 - [l—.—-—>l Is my workload
G com interruptible?

S

Carbon intensity
{gCO2 [ kWh)
[ (o)
3 =
|

(8]
[l
(=)

150
I ! I l I !
00:00 12:00 00:00 12:00 00:00 12:00
14-Apr 15-Apr 16-Apr
2020
Great Britain

[Wiesner et al. @Middleware, 202F] Wiesner, |. Behnke, cheinertK.Gontarska L. ThamsenLet's wait a while: How temporal workload
shifting can reduce carbon emissions in the clqudt. Middleware Conference, 2021

AChallenge:
ANot all load will fit into the low intensity periods!

40
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Use all machines

Split model and assign to machine that is the most
appropriate

Challenges:
X

[Patel etal. @ISCAP. Patel, EChoukseC. Zhang, A. ShdhGoiri S. Maleki, RBianchini Splitwise Efficient Generative LLM Inference Using Phase Splittingern.
Symposium on Computer Architecture, 2024.

41
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CostAware Scheduling

Model Selection for Inference:

Use the model with the lowest costs that provides passable
output quality

Al Kt fSyasay Xoo

42
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Early stopping

A Early stopping:
A Improvement compared to previous iteration(s) below a
threshold

Graph Neural Network Validation Accuracy vs Batch

0.7

0.6 1

0.5 1

Validation Accurac
=}
F-Y

0.3 1

0. 2 T T T T T T T T T
0 5 10 15 20 25 30 35 40
Batch
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AHighlevel idea: e ™

—> Add & Norm

ADo computations only on 1
part of model parameters

Tradeoff?
No tradeoff!
Better Al performance

G
> Add & Norm
Multi-Hard

[Hu etal. @ICLR2022]E. J. Hu, Y. Shen, P. Wallis, Z. &lken Y. Li, S. Wang, L. Wang, W. Che Attention
LoRA LowRank Adaptation of Large Language Modéfgernational Conference t A f
Representation Learning (ICLR)22.
[Fedus etal. @JMLRE. Fedus, EZoph N.ShazeerSwitch transformers: Scaling to trillion \
parameter models with simple and efficient sparsity, Journal of Machine Learning Research
(JMLR), 2022. \ /

46
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. Summary

AWhat to do when developing new ML algorithm / using
ML algorithm for a problem

AReporting
AReport Al performance AND resource consumption
ADiscuss tradeff
ADiscuss whether/why it is worth it

ADual Objective:
ALet Al performance not be your only objective
AAvoid trad offs!

47



| |r]t

Health an
Environme

ificia

Art

IN

Muhammad Mamdani .~



FDA Approvals of Al

MACHINE FDA authorizations o

TOTAL NUMBER Of

2 2 3

2010 2011 2012
Note: 2024 represents data from J

Source: FDA Database

2005 2006 2007 2008 2

Interest In Al In Health

Artificial Intelligence in Healthcare Market Size 2023 to 2034 (USD Billion)

S 613.81
$ 50047
$ 36135
$ 260,90
$188.38
$136.01
$98.20
$70.91
$ 51.20
il
2023 2024 2025 2026 2027 2028 2029 2030 2031 2032 2033 2034

Source: https://www.precedenceresearch.com/artificial-intelligence-in-healthcare-market




Impact of AI
In Health




CLINICAL EVALUATION OF
ARTIFICIAL INTELLIGENCE AND
AUTOMATION TECHNOLOGY TO

REDUCE ADMINISTRATIVE BURDEN IN
PRIMARY CARE

Commissioned by and presented to: OntarioMD

OntarioMD

Empowered Practices. Enhanced Care.

Centre for Digital Health Evaluation, Women’s College Hospital
Institute for Health System Solutions and Virtual Care

Key Findings

A 76%o0f participants (family doctors and nurse
practitioners) reported reduced cognitive load
during patient encounters when using an Al scribe

A On average3 to 4 hours per weekvere freed up
for direct patient care.

A > 80%of participants expressed a desire to
continue using Al scribes loigrm
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(Verma eP al, CMAJ, 2024)

#CBC | MENU v

NEWS Top Stories Local Climate World Canada Politics Indigenous

Health

Al tool cuts unexpected deaths in hospital by 26%,
Canadian study finds

Researchers say early warning system, launched in 2020 at St. Michael's Hospital, is
'saving lives'

ﬁ« Lauren Pelley - CBC News - Posted: Sep 16, 2024 4:00 AM EDT | Last Updated: September 16
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Trending: Meta Ray-Ban Display hands-on: Discreet and intuitive  iPhone 17 review: Closer to Pro  iPhone 1

Science

Health

Elon Musk's Neuralink brain chip implanted Elon Musk's Neuralink plans a brain

into 2 quadriplegic Canadian patients as part SpEECh trial in October
of clinical trial

Will brain implants be more like utopian or dystopian sci-fi?

Clinical trial team will evaluate if the technology is safe and helpful for the patients WSkl + Cortributiog ot

Fri, September 19, 2025 at 3:40 PM EDT - 2 min read

!: Hannah Alberga - CBC News - Posted: Sep 05, 2025 4:27 PM EDT | Last Updated: September 5
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EXASCALE DATA CENTER CAMPUS

THE CITADEL | SWITCH TAHOE RENO

‘\

Power Capacity: Up to 650 MW
Area: Approx. 668,900 sq. meters™
(7,200,000 sq. ft)



Global data centers in areas
with high water-stress

1995 2025

AI IS DRAINING
WATER FROM AREAS
THAT NEED IT MOST

By Leonardo Nicoletti, Michelle Ma and Dina Bass
for Bloomberg Technology + Green
May 8, 2025

@) X ) (in e )( 9% Gift this article
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