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LEARNING OBJECTIVES

1. Define “Artificial Intelligence” and “Machine Learning” and their potential role in
addressing healthcare-related issues.

2. Review the current landscape of clinical Al tools and the gap between development and
implementation.
Discuss reasons why the development-implementation gap exists in healthcare.

4. Propose solutions for bridging development to implementation of clinical Al tools, with a

focus on British Columbia.




1. DEFINING ARTIFICIAL
INTELLIGENCE




AN OVERVIEW OF ARTIFICIAL INTELLIGENCE

* Artificial Intelligence (Al)
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*  Machine Learning (ML)

Statistics

Al - Artificial Inteligence

ML - Machine Learning
DL - Deep Learning

NN - Neural Networks




MACHINE LEARNING VS. STATISTICS
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(Multi)linear regression Decision trees Principal component Support vector Random Forest
analysis regression

White-box Data science continuum Black-box
modelling modelling

Kalikadien et al 2024



“GENERATIVE Al” AND NATURAL LANGUAGE PROCESSING
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HEALTHCARE IN CRISIS




ARTIFICIAL INTELLIGENCE AS A HEALTHCARE SOLUTION

Machine Learning Versus Usual Care for Diagnostic and
Prognostic Prediction in the Emergency Department: A

Systematic Review

Hashim Kareemi MD &4, Christian Vaillancourt MD, MSc, Hans Rosenberg MD, Karine Fournier MSI,
Krishan Yadav MD, MSc

Machine Learning | Usual Care
(AUROC) (AUROC)

In-Hospital Mortality 0.74-0.94 0.69-0.81

Critical Care Outcomes 0.80-0.91 0.68-0.88
Hospitalization 0.80-0.83 0.64-0.82
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MACHINE LEARNING FOR STROKE PREDICTION

Clinical scores and ML models

—— CTS (AUROC = 0.6904)
ABCD2 (AUROC = 0.6198)

—— ABCD2-1 (AUROC = 0.6373)

—— LR-L1 (AUROC = 0.8173)
LR-L2 (AUROC = 0.8090)




2. LANDSCAPE OF AI TOOLS IN
HEALTHCARE




12

CLINICIANS WANT Al TOOLS — WHERE ARE THEY?
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DECIDE-Al DEVELOPMENT PATHWAY

Offline
Preclinical development validation® Safety/utility, small-scale Safety/effectiveness, large-scale

Drugs

Clinical trials, phase 1 SPIRIT(-Al) and
‘ Preclinical trials CONSORT(-Al)
Clinical trials, phase 2 Clinical trials, phase 3

Al in healthcare TRIPOD-AI and DECIDE-AI

STARD-AI
Early five clinical Comparative

In silico evaluation ‘ ‘ Silent/shadow evaluation evaluation prospective evaluation

Surgical innovation

| IDEAL IDEAL IDEAL IDEAL 3
stage 1 || stage 2a || stage stage

Post-market surveillance

Pharmacovigilance, phase 4 ‘

Vigilance

IDEAL

IDEAL stage 4

Vasey et al 2022



RESULTS OF SCOPING REVIEW

Figure 3. Categorization of Outcomes in the Included Studies.
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Figure 2. Number of Included Studies by Publication Year since 2010.
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Figure 4. Phases of Development of the Included Studies, as Defined by the DECIDE-AI Guidelines,
Stratified by Publication Stage.
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THE Al CHASM
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3. UNDERSTANDING THE Al
CHASM




TALKING TO EXPERTS
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POSSIBLE FACILITATORS

Engage multiple healthcare end-users as part of your research team

Share resources with other department within your institution

Bring in external legal team

Build internal legal team

Contract data infrastructure work out to private company

Create a data integration and governance team early to solve technical issues
Enlist a skeptic of the technology to help define the problem or solution
Create plain language explanations of toolfor patients

Engage patients early in process of defining the problem and possible solutions
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Use a deidentified database to improve chances of approval

Create institutional data sharing policy

Align work with institutional strategic priorities or vision

Deliver dedicated presentation to research ethics board to explain Al methodology
Create streamlined research ethics board approval process for Al methodo logy
Define thresholds based on clinician preference

Use automated tool to efficiently capture data
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UNDERSTANDING THE Al CHASM
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4. BRIDGING DEVELOPMENT TO
IMPLEMENTATION
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IMPLEMENTATION SCIENCE
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SFU-UBC IMPLEMENTATION SCIENCE TRAINING INITIATIVE

@SFU UBC

IMPLEMENTATION SCIENCE
TRAINING INITIATIVE
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REPORTING GUIDELINES FOR Al DEVELOPMENT

TRIPOD+AI statement: updated guidance for reporting

clinical prediction models that use regression or machine
learning methods

Reporting guideline for the early stage clinical evaluation of

decision support systems driven by artificial intelligence:
DECIDE-AI




25

METHODOLOGICAL
STANDARDS FOR Al
DEVELOPMENT

c

Directio

1. The proposed Al-
CDS should
address a clinical
problem that has
been identified as
important to
clinicians and
patients.

2. The output of the
Al-CDS should
provide clinical
utility in terms of
the content and
timing of the
prediction or
recommendation
provided.

3. AI-CDS
development
should involve a
multidisciplinary
team including
clinical experts and
end-users (e.g.
physicians,
nurses), research
and data scientists
(e.g. .
methodologists,
statisticians,
computer
scientists,
engineers) and,
when possible,
individuals with
lived experiences
(e.g. patients,
family members,
caregivers).

4. Data used to
develop the Al-
CDS should be
representative of
the target
population. Health
inequity and bias
should be
acknowledged to
exist to some
degree in all data
sets and should be
mitigated where
possible
throughout Al-CDS
development.

5. The outcome of
interest being
predicted by the
Al-CDS should use
a valid reference
standard or
definition, where
relevant.

6. Data used to
develop and
evaluate the Al-
CDS should be of
sufficient quantity
to ensure precise
predictions and
minimize
overfitting.

»7. Development
and evaluation
(including internal
and external
validation) of Al-
CDS should follow
and be reported
according to best
practices as
outlined in the
TRIPOD+AI
statement.

8. AI-CDS should be
evaluated using
data from new
clinical settings
prior to
implementation in
that setting to
ensure comparable
performance is
maintained.

9. Implementation of
the Al-CDS should
be considered
early during
development, and
address factors
such as existing
clinical workflows,
information
technology
infrastructure, and
organizational
readiness.

Doctrine

10. Development
and evaluation of
Al-CDS must follow
local institutional
research ethics
and/or quality
improvement
practices including
strict adherence to
data privacy
regulations.

11. Data used for
development and
evaluation of Al-
CDS should be
made anonymous
and available for
sharing and cross-
training between
different centres,
where possible.
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STREAMLINING APPROVAL PROCESSES: UBC WOMEN’S AND
CHILDREN’S Al CHECKLIST

UBC C&W Research Ethics Board
BC BC WOMEN'’S | Room A2-141A

N + 950 West 28th Avenue
Chlldren'S HQ_;SPITAL E ™ Vancouver, B.C. V5Z 4H4

Hospital - pelly Tel: (604) 875-3103
i il Sovices Authsiy N o Email: cwreb@bcchr.ubc.ca

" . - g . . Website: www.phsa.ca/researchethics
University of British Columbia — Children’s & Women’s Research Ethics Board ) T
RISe: https://rise.ubc.ca

RESEARCH ETHICS ARTIFICIAL INTELLIGENCE / MACHINE LEARNING
APPLICATION SUBMISSION CHECKLIST
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CREATING COMMUNITY: Al HUB

VCH-VCHRI AI Hub
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CONCLUSIONS
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CONCLUSIONS

1. Define “Artificial Intelligence” and “Machine Learning” and their potential role in
addressing healthcare-related issues.

2. Review the current landscape of clinical Al tools and the gap between development and
implementation.
Discuss reasons why the development-implementation gap exists in healthcare.

4. Propose solutions for bridging development to implementation of clinical Al tools, with a

focus on British Columbia.
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