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The Al domains

Tasks in Machine Learning
Artificial Intelligence:

Mimicking the intelligence or

behavioural pattern of humans
or any other living entity.

Machine Learning

Machine Learning:

A technigque by which a computer
can "leam" from data, without ; . . .
using a complex set of diffarent sSupervised Learning Unsupervised Learning
rules. This approach is mainly

based on training a model from
datasets.

Reinfarcerment
Learminag

Deep Learning:

A technique to perform
machine leaming
inspired by our brain's
own network of
neurons.

C=learning

Regression Classification Clustering : —

Falicy Learning



Al/ML applications already proven in clinical trials

IDx-DR: Detects diabetic retinopathy

This software analyzes images of the eye to determine whether the patient should be
referred to an eye professional because the images portray more than mild diabetic

retinopathy or the patient should be rescreened in a year because the images were - Bl oo

| © | © [preeys——"

negative for more than mild diabetic retinopathy.*2 e S

OsteoDetect: Detects and diagnoses wrist fractures

This software analyzes X-rays for signs of distal radius fracture and marks the location

of the fracture to aid in detection and diagnosis.*

ContaCT: Detects a possible stroke and notifies a specialist

This software analyzes CT images of the brain for indicators usually associated with
a stroke, and immediately texts a specialist if a suspected large vessel blockage is
identified, potentially involving the specialist sooner than the usual standard of care.®

[P Guardian Connect System: Continuous glucose monitoring system

This product monitors glucose levels in the tissues of a diabetic patient, using a sensor
inserted under the skin, either on an arm or on the abdomen. A transmitter processes and
sends this information wirelessly to an application installed on a mobile device. Patients
can use the program to monitor whether their glucose levels are too low or high.**




Real world gap in Al/ML adoption

TGA approvals
A Automated retinopathy analysis systems

Number of A/ ML-based medical devices

100— [ UsA

o | R A Cardiac electrophysiology software

80~ A Image segmentation and lesion identification systems
70—

60—

597 90%

Use of Al in clinical practice

407 80%
304 70%
20 B60%
10— 50%
0 T T T T 1 40%
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A 30%

pproval yvear

20%
10%
0%

Muehlematteret al. Lancet Digital Health 2021

Never Monthly Weekly Daily

B Ophthalmology M Radiclogy M Dermatology
n=305 n=230 n=97

Scheetz et al Sci Rep 2021



Potential explanations

ALimited evidence base

ALimited literacy

ADivergent stakeholder perceptions and expectations
AFragmented AI/ML ecosystems

AlLagging organisational readiness and capacity
AConstraints in the AI/ML application pipeline
AUnderdeveloped regulatory guidance



Limited evidence base

JOURNAL OF MEDICAL INTERNET RESEARCH Yin et al

Review

Role of Artificial Intelligence Applications in Real-Life Clinical
Practice: Systematic Review

Jiamin Yinl*__ BA; Kee Yuan Ngiamy__ MBBS: Hock Hai Teop, PhD
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aStadAay3aaqQ

NE 38 mNIBKcini@ uigoNfed -

51 studies 2012020
20 observational; 13 RCTs; 14 experimental
Most studies moderate to high risk of bias
No comparison group (17); small samples (14); limited
information (29)
Decision support in four categories of tasks
Disease screening/triage (n=16)
Disease diagnosis (n=16)
Risk anaIyS|s (n 14)
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Breast cancer (n=5)
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Colonic polyp/adenoma (n=4)
Cataracts (n=2)
Stroke (n=2)

Application performance (n=26)
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6/7: improved workflow efficiencie
Patient benefits (n=14)

3/3: better patient experience
Costeffectiveness (n=1)
1/1: reduced costs




Strategy: Define and apply appropriate research designs for Al/l

A Sociotechnical innovations

A Mixed methods analyses are required
A qualitative as well as quantitative inquiry into model performance and use
A informed by theories of technology acceptance

A Rapidly evolving technologies
A Traditional linear RCTs using fixed study protocols may not work
A Adaptive study designs with btiitt PDSA
A Hybrid effectivenessnplementation trials
A Stepped wedge rebut

A Task and contexdensitive
A{Ay3tS LKIAS LLL AYUSNBSY(GA2Y GNRAIFfta AY (2
populations across multiple settings- generalisability

A AI/ML applications are designed for specific tasks within specific contexts
A Multiple local prospective replication trials are necessary for external validation

A Choice of comparator
A Human expert performance within current system of care delivery



Strategy: Encourage methodological rigour in Al/ML research

JAMA | Users' Guides to the Medical Literature

How to Read Articles That Use Machine Learning

Users' Guides to the Medical Literature

Yun Liu, PhD; Po-Hsuan Cameron Chen, PhD; Jonathan Krause, PhD; Lily Peng, MD, PhD Developing Specific reporting guidelines for
diagnostic accuracy studies assessing Al
interventions: The STARD-AI Steering Group

i TN medicine
W) Check for updates
OPEN '

Reporting guidelines for clinical trial reports for
interventions involving artificial intelligence: the
CONSORT-AI extension

Xiaoxuan Liu*23%5, Samantha Cruz Rivera®%?, David Moher©2%, Melanie J. Calvert & 4567100112
Alastair K. Denniston (92345685 and The SPIRIT-Al and CONSORT-AI Working Group™

m CONSENSUS STATEMENT

Iz Stiosl oy, "I OG- P00 0-RIT -1
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OPEN
Guidelines for clinical trial protocols for

interventions involving artificial intelligence:

BM) Open Protocol for development of a reporting the SPIRIT-Al extension
guideline (TRIPOD-AI) and risk of bias .

. . Samantha Cruz Riwera™, Xiacouan Lin D%, An-Wen Chan®, Alastair K. Denniston D 458850,
tool (PROBAST-AI) for diagnostic and Melanie J. Calvert s 3555, The SPIRIT-Al and CONSORT-Al Working Group*, SPIRIT-Al and
prognostic prediction model studies CONSORT-AI Steering Group and SPIRIT-Al and CONSORT-A| Consensus Group
based on artificial intelligence



Limited literacy

Appreciation of the nature, aims and limitations of science | gcientific Literacy

s _ _ Computational
Ability to use code to express, explore and communicate ideas Literacy

X 7
b

Ability to read, work with, analyse
can inform apply and debate with data as a
broader inquiry process

Competencies needed to
understand and use
computerised devices and

platforms
s required for
Digrtal Lneracy} .
Ability to critically evaluate Al technologies, communicate and W::ﬁps

collaborate effectively with Al, and use Al as a tool in clinical practice
Adapted from Long 8agerkoCHI 2020



Limited literacy

| think that | will be required to interact with machine
leaming applications in my career as a doctor.

Consistently stated
Impressions at all levels o

tralnlng | think that understanding machine leaming will be

A Al/ML will change clinice important in my career as a doctor.
C
practice

| find the descriptions of statistical methods in machine
leaming research articles difficult to interpret.

A Faculty of universities
and prOfESSIOnal CO”ege | find the presentation of results in machine learning
do not have expertise research articles difficult to interpret.
and skills in Al

| find the possible practical applications of machine
leaming research articles difficult to understand.

A Need for interdisciplinan

tralnlng | would like to learn more about machine learning
during medical school.

m\ary strongly agree B Strongly agrea Agraa

Disagrea

245 final year medical students (Aust, NZ, US)

20% 30% 40% 50% 60% T0% 80%

B Strongly disagree  ®\aery sfrongly disagrea

Blacketeret al Intern Med J 2021

80%

100%



Strategy: Provide structured education and CPD

ACertified curricula, ofine courses, webinars, conferencedstathons primers

Annals of Internal Medicine IDEAS AND OPINIONS

Machine Learning and Evidence-Based Medicine

lan A. Scott, MBES, MHA, MEd

lan A Scott'

pmacek” | Machine learning in clinical practice: prospects
@ and pitfalls

Brent Richards

EBM analysis: General medicine

Evidence-based medicine and machine learning: a
partnership with a common purpose

lan Scott ,"2 David Cook,? Enrico Coiera*
S Y T e 4 AT
............
a1 QL 11 1140mg .1 520
REV IEW

Demystifying machine learning: a primer for physicians

lan &, Scott 12

"intemal Medicing and Cinical Epidemiology, Princess Alexandra Hospital, and “Sohoal of Chnical Medicine, University of Quesnsihnd, Brishana,

Queensand, Australia

Communication
Clinician checklist for assessing suitability
of machine learning applications
in healthcare

Open access

BM) Health &
Care Informatics

lan Scott, Stacy Carter® Enrico Coiera*

MIT

MANAGEMENT
EXECUTIVE EDUCATION

108 100 28t
R

HARVARD

MEDICAL SCHOOL

Academy of
Medical Royal

Colleges\/\

- Artificial Intelligence

in Hea]thcare

THE UNIVERSITY
' OF QUEENSLAND
AUSTRALIA
=
intelli | //

Al in Health Care
Long course (3 months)
Short course (6 weeks)

Designing and Implementing
Al Solutions for Health Care
Short course (2 weeks)

‘“ Australion
B Medical Councll Limited

Australian Digital Health Agency and the Australian
Medical Council:

Capability Framework in Digital Health in Medicine

(DRAFT V10)



Strategy: Educate clinicians to ask key questions of Al/ML applicati

APURPOSE: What will this application do for me and my patie!

ATRUSTWORTHINESS: Can | trust this application?

yyyyy

. Sy 1o
AINTELLIGIBILITY: Do the predictions of this application make sense to m

ARESPECT and AUTONOMY: How much respect and choice does this application give me/r
patient?

AINTEGRATION: Does this application fit easily into my workflow and operating environment

A SUSTAINABILITY: What is the life cycle of this application?



Divergent stakeholder perceptions and expectations
What do clinicians think of Al?

Positive perceptions Negative perceptions

Improved diagnostic accuracy; fewer errors (N=2 N1 {I\A IS n[=le[FE1lo Nelfo SR (A=K D)

More efficient work flows (n=4) Insufficient training and continuing professional

Less time spent on administrative and other development in Al (n=4)

mundane tasks (n=2) Reputational loss and reduced demand for
ALISOAlftAEG 2LIAYAZY O WE

Potential erosion of empathetic communication
with patients (n=2)

Synthesis of clinical information (n=2)

Updating of clinical records (n=1)

More time spent with patients (n=1)

Risk of privacy breaches and loss of confidentiall
Improved access to care (n=1) of patient information (n=1)

Lack of proof of efficacy of Al applications in clini
settings (n=2)

Limitedexplainability(n=1)

Scott et al BMJ Health Care Inform 2021 (in press)



Divergent stakeholder perceptions and expectations
What do patients/consumers think of Al?

Positive perceptions Negative perceptions

Second opinions to clinicians yielding better Dehumanisation of the clinicigpatient
decisions (n=3) relationship (n=2)

Improved access to care (n=1) Threat to shared decisiemaking involving patient:
(n=1)

Low trustworthiness of Al advice (n=3)
Insufficient clinician and regulatory oversight (n=

Uncertainty around fairness and equity in
treatment allocation (n=1)

Scott et al BMJ Health Care Inform 2021 (in press)



Divergent stakeholder perceptions and expectations
What do healthcare executives think of Al?

Positive perceptions Negative perceptions

[glelfe)Z=lo ool tilo g EIRET (o [T [aYA el o[sT =il (3R Uncertainty around patient satisfaction, access fc
analytic capacity, cost savings (n=1) care, improved patient outcomes (n=1)

What do industry professionals think of Al?

Positive perceptions Negative perceptions

\W[e1S e Mg L= o Jo S\ =N e il oo g SIEEE D WA TS0 B Limited access to high quality data for model
(n=3) development (n=1)

Unresolved legal liability question (n=1)

Lack of explicit and robust regulatory frameworks
(n=1)

Low levels of funding for independent, investigat
led research in Al (n=1)

Scott et al BMJ Health Care Inform 2021 (in press)



Strategy: Al/ML charter that reconciles stakeholder expectations

=i Eln A= o nRigely o BT Model development and testing must involve domain experts, use high quality data sets, minimise bia
trustworthiness demonstrate accurate results in the populations for which they are to be used

Improve efficiency and reduced Applications must be fitted to, and complement, routine clinical workflows and, where possibipppelate
administrative burden the required data with minimal clinician input.

g elgedv=RellTgl(orst Mo [Tl 0] =L ple et (o B Applications must be as or more effective in improving clinical deemsimking and patient outcomes than
outcomes current care, and be accompanied with clinician oversight.

Al Re e el IRl ElETeile s B Applications should not distract from, or degrade, human to human interaction and shared deuteskomg.

Spstie el ol Rl e 1= Applications should aim to provideplainabilityand transparency in regards to their inner workings, while
acknowledging limits to the extent this can be achieved.

SEEEE b Rl =l ol fel (=i [og IR Applications must be sensitive to potential loss of jobs or professional reputation, remove tedium, imp
roles job satisfaction, provide new skills, meet training needs.

Obtain regulatory approval Applications should be subject to regulatory standards that are robust, transparent and responsive to
updates of existing applications.

Determine liability for error Applications should be associated with clear lines of responsibility regarding liability for error, including
fault provisions.

Ensure privacy, confidentiality and Application developers must ensure they adhere to legal and community expectations regarding data
securit confidentiality and security for health and medical data.

Scott et al BMJ Health Care Inform 2021 (in press)



Fragmented Al/ML ecosystems

Foundations for AlI/ML in healthcare

AWorkforce capacity and expertise

A Clinicians, data scientists, computer scientists, clinical informatician
statisticians, methodologists, engineers, ethicists, economists,
psychologists, sociologists, researchers, vendors

A Al/ML is a sociotechnical ecosystem

AData sources, data storage, data analytics
A Computational capacity

AReliable long term funding

AEstablished ethical, legislative, regulatory policy frameworks

APatient and public involvement



Strategy: Establigtatewideclinical AI/ML R & D collaborative

A Digital Health CRC

A Metro South Clinical Al Working Group A Prof Tim Shaw (University of Sydney)
A QH Sepsis Clinical Al Working Group A Prof Steven McPhail (QUT)
_ _ _ _ A CSIRO-klealth Research Centre/Data61
A QH Deterioration Analytics Risk Tool A Prof David Hansen (Queensland)
Working Group \ ,* AQueensland Al Hub
L 4
L 4
b
o A Australian Institute of Machine Learning
A Other HHSpecific initiatives sl Queensland Al4Hg = = = = = (University of Adelaide)
A Various consultancies Collaborative A Australian Artificial Intelligence Institute
A Other academic discipline (University of Technology Sydney)
specific groups v. A NHMRC CRE in Digital Health
't,. (Macquarie University)
A QH/UQ Digital Health Research Group Codesign Australian Alliance for Al'in Healthcare
A UO SMART iact C d Prof Enrlcc_) Con_era _
Q projec Gproduce (Macquarie University)
Coevaluate o 2
A eHealth Qld Clinical & Business Intelligence AlfeH

with Clinicians
and Consumers



Strategy: Establish mul@vel governance processes

Data governance

A Data accesshow, from what source and from whom will
data be obtained?

A Data protectionhow will patient consent and privacy be
guaranteed?

A Data transparencyvhat are the processes for sharing

data? \

Clinical governance

=¥ of One

A Value propositionhow will AI/ML projects be selected for
investment?

A Problem definitionwhat is the Al application supposed to
do

A Accountabilityhow and by whom is optimal performance
to be decided and assessed

A Clinical safetywhat risk mitigation will be employed and
who is responsible?

The Power

Technical infrastructure governance
A System reliabilithow stable are the software platforms

A System interoperabilitthow seamless and efficient is the
flow of data across interfaces?

A System responsiveness and adaptabilifythe system
capable of keeping up with rapidly evolving technology?

Research governance

A Development and validatioritow will applications be
developed and validated?

A Implementation what are the implementation and
usability testing strategies?

A Effectivenesswhat are the metrics of realorld
effectiveness and fidelity and how will they be measured?

A Ethics how will fairness, equity and freedom from vested
commercial interest be assured?



Strategy: Prioritise end to end projects

Li et al NPJ Digital Med 2020



