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Patient generated / reported data

Actual medical data

HEALTH DATA

Financial data Research data

ource: T. Hellepute



Healthcare practicioners Healthcare payers

DATA USERS

Citizen Medical research

Patient Tax payer Companies Academic

Source: T. Hellepute



Primary use

Vs secondary
use of data

Primary
use

* Healthcare
purposes

Secondary

use (reuse)

* Policy making

* Regulatory
activities

* Research and
innovation



Data science and drivers




Comparison between ANNs and deep architectures. While ANNs are usually composed by three
layers and one ...

Artificial Neural Network (ANN) Deep Learning Model
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Brief Bioinform, Volume 19, Issue 6, November 2018, Pages 12361246, https://doi.org/10.1093/bib/bbx044
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The complexity of modern medicine

e Genome 3.2 x10° base pairs / varying 0.15% (<5 x10° sites)
* Transcriptome Messenger RNA <20,000 genes / >1000 microRNAs
* Proteome Proteins 30,057 / peptide sequences 293,700

* Metabolome 2,272 human metabolic pathways (reactome.org)

e Microbiome 38 x1012 bacteria (cf. 30 x1012 human cells)

* Epigenetics, age, gender, lifestyle, social influences, comorbidities ..

e >13,000 diseases / >55,000 disease codes [ICD 11, WHO 2019] / >6,000 rare
e ~20,000 pharmaceutical products / ~500,000 medical devices / ~40,000 tests

* Diagnostic error is common [ 2 10% ?] affecting everyone > once per life

Adapted from A. Fraser - Nature 2015;526:68 / JACC 2016,;68:2577 / Nature 2014,;509:575 / PLoS Biology 2016;14:61002533
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Data Science

» Engines for early risk estimation
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Proactive Customer and Market Strategies

Intelligent Workflows — Automation Combined
with Intelligence

. Develop customer and market strategies that
anticipate future demands and behaviors.

workflow-enabled processes that are dynamic,
intelligent, and self-governing

and implement rapid adjustments based on real-
time feedback

|
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{ SMART LAB

« Al support system »: a Secretary for operator

« Al orchestrator » to generate operatlon workflow

v / (' z e ——
== T =
4 : A\ 7  —
\ )
_—— \

maximize internal efficiencies, reduce cost, and
improve product and service quality.
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Operations

: \d; __— project gating control, project resource allocation
and tracking, project budgeting, risk
management, and corrective action

Early warnings implementation.



#SMARTLAB

Semi-Autonomous
labotatories

Augmented reality
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Smart search accross guidelines and
litterature

Table 1 COVID-19 Open Research Dataset Challenge (CORD-19) - tasks

What is known about transmission, incubation, and environmental stability?

What do we know about COVID-19 risk factors?

What do we know about virus genetics, origin, and evolution?

What do we know about vaccines and therapeutics?

What has been published about medical care?

What do we know about non-pharmaceutical interventions?

What do we know about diagnostics and surveillance?
What has been published about ethical and social science considerations?

What has been published about information sharing and inter-sectoral collaboration?

Kricka et al.; 2020

Table 2

Comparison of machine learning tools

based on NLP and a conventional search engine

General
objective

Synonyms
(correlated
concepts)

Result
aggregated and
summarized?

Output & next
step

Example

Al-powered search tool based on NLP
(e.g., WellAl)

Neural networks summarize, generalize
and predict relationships

Understands synonyms and correlated
concepts. For example, understands that
“hypertension” is a synonym for “high
blood pressure” and “elevated blood
pressure”. This knowledge helps build
more accurate relationships between
concepts.

Yes. Every single concept suggestion is
based on a large number of articles.

A structured list of concepts with ranked
probabilities. This narrows the scope of
work and results in greater efficiency.

Focus on concepts of interest and
exploration of relationships - not only
between concepts (e.g., COVID-19 and
Diagnostics Radiology), but between
clusters of concepts (e.g., COVID-19 +
Diagnosis, Clinical + Diagnostic Tests and
Diagnostics Radiology)

Starting with “COVID-19" as the pre-
selected concept, selecting “READ
ARTICLES” corresponding to “Diagnosis,
Clinical” produces a list of articles in
which the machine learning models

have determined there is a relationship
between COVID-19 and clinical diagnosis,
and not just the whole list of articles that
mentions both COVID-19 and clinical
diagnosis. In addition, the models know
there is a difference between clinical
diagnosis and diagnosis.

A publication search engine
(e.g., PubMed)

Searches for key words and
phrases in an article. Cannot make
conclusions about relationships.

The results produced match the
search words or phrases, without
knowledge of synonyms and related
concepts.

No. The result is a list of articles that
contain the key words or phrases.

A list of every single occurrence (i.e.,
every article) of a word or a phrase.

Read the articles (time
consuming), summarize, and make
generalizations.

The result for search terms
“COVID-19" and “clinical diagnosis”,
is a list of all arficles that mention
“COVID-19" and “clinical diagnosis”
irrespective of whether there is

a relationship between the two
phrases mentioned in the article. For
example, hypothetically speaking,
the article may not be about clinical
diagnosis at all, the phrase “Clinical
diagnosis” may be just mentioned in
the References section.
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Health digital twins as
tools for precision
medicine
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Emerging applications of Al: Clinical perspectives

» Engines for early risk estimation / CDSS

» Improving diagnosis of cardiovascular diseases

» Enhanced precision care and outcomes monitoring
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Heart Failure




Data integration and Al

Machine learning based on biomarker profiles identifies

distinct subgroups of HF

Cluster 3
‘Young/Obese’

Cluster 2
‘Elderly’

Cluster 1
‘CKD/Diabetes’

Youngest with
highest prevalence
of obesity

* Highest prevalence Eldest
of renal disease
Clinically similar to
cluster 1, better

outcomes

and diabetes
High risk of Least symptomatic

hospitalisation
Lowest NT-proBNP

Activation of levels

inflammatory
pathways

Low risk of
hospitalisation
and/or death

= 2 ~.

/

=

Woolley et al.; 2021

Cluster 4
‘COPD’

Highest prevalence
of COPD

Highly symptomatic
& NT-proBNP levels

High risk of
hospitalisation
and/ordeath

Increased P13/AKT
activity

cluster 1 with the highest prevalence of diabetes

mellitus and renal disease

cluster 2 with oldest age and frequent
age-related comorbidities

cluster 3 with youngest age, largest body size, least
symptoms and lowest N-terminal pro-B-type
natriuretic peptide (NT-proBNP) levels

cluster 4 with highest prevalence of ischaemic
aetiology,

smoking and chronic lung disease, most symptoms,
as well as highest NT-proBNP and troponin levels.

Over a median follow-up of 21 months, the
occurrence of death or heart failure hospitalization
was highest in clusters 1 and 4 (62.1% and 62.8%,
respectively) and lowest in cluster 3 (25.6%).



Myocardial infarction




Myocardial-ischaemic-injury-index (MI3): incorporates age, sex, and two troponin measurements to compute a value (0—100) reflecting an individual’s likelihood
of myocardial infarction during the index visit
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Figure 2: Overall diagnostic performance of the MI* algorithm

(A) Receiver-operating-characteristic curve illustrating discrimination of the MIP algorithm for type 1 or type 4b myocardial infarction. (B) Calibration of the MF algorithm
with the observed proportion of patients with type 1 or type 4b myocardial infarction. The dashed line represents perfect calibration. Each point represents 100 patients.
(C) Precision-recall curve illustrating discrimination of the MI* algorithm for type 1 or type 4b myocardial infarction. MF=myocardial-ischaemic-injury-index.

In total, 20 761 patients (64 years [SD 16], 9597 [46%] women) enrolled between June 10, 2013, and March 3, 2016, were included from the High-STEACS trial
cohort, of whom 3272 (15-8%) had myocardial infarction.

MI® had an area under the receiver-operating-characteristic curve of 0-949 (95% Cl 0-946—0-952) identifying 12 983 (62-5%) patients as low-probability for

myocardial infarction at the pre-specified threshold (MI? score <1:6; sensitivity 99:3% [95% Cl 99:0-99-6], negative predictive value 99-8% [99:8-99-9]), and 2961
(14-3%) as high-probability at the pre-specified threshold (MI® score 249-7; specificity 95:0% [94-6—95-3], positive predictive value 70-4% [68:7-72-0]).

Doudesis et al.; 2022



Network Medicine and understanding Pathways

social network: encompasses all human-to-
human interactions (e.g., familial,
friendship, sexual, and proximity-based
contacts) that play a role in the spread of
pathogens

an understanding of the functionally relevant
genetic, regulatory, metabolic, and protein—
protein interactions in a cellular network will
play an important role in understanding

the pathophysiology of human diseases

Network

pised®
Netwo"

[ Social links
B Family ties
M Physical proximity

B Metabolic
network

[ Protein-protein
interactions

B Regulatory
network

One way to visualize the ensuing potential
interrelationships among human diseases is
to construct a disease network in which two
diseases are connected if they have a
common genetic or functional origin.

Barabadasi et al.; 2007
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Evolution of inclusion of Al in control systems

Level 5

Al Active,
indepen-
Y _ Al Collabora- dent
Level 2 Al Advisory tive control control
Level 1 £ AT Redistod control S Autonomous
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contro i
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Human System has o autonomous | _
solutionin . including
: autonomy mode with :
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under : anomaly, : Presence of
: fields, supervision, _
direct human make . . humanin
control ; o intervaning .
control of . s final decision. ) control is
decisions onlyin o E
human. periodical.
by human. emergency.



Table 1
Global risk perception of Al decision making in %, by region (Neudert et al.,

2020).
Region Mostly Mostly Neither = Do not
harm help know
Latin America & 49 26 19 6
Caribbean

North America 47 41 12 0
Europe 43 38 15 S
Central Asia 34 36 17 13
Middle East 33 38 19 10
South Asia 33 31 17 19
Africa 31 41 16 12
Southeast Asia 25 37 21 17
East Asia 11 59 12 18

Mezgar et al.; 2022
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How to critically appraise Al-based prediction models for cardiovascular medicine

0%e09%9e
099®9
efete

Conceptualization Data collection Predictors and outcome

* Is the Al prediction model needed?  * Are the data representative? * |Is the outcome reliably measured?
* Does it fit in the intended clinical * Is the sample size large enough? * Are the predictors measured
workflow? at baseline?

74

il

Model performance

M 4

Openness and fairness Reporting

* Is algorithmic fairness considered? * Are reporting guidelines followed? ¢ Internal/external validation done?
* Is the Al prediction model open * Is the prediction time horizon * Performance evaluated beyond %

for use and testing? clear? classification correct or AUROC?

van Smeden et al.; 2022



Soenksen et al.; 2022

Healthcare institution
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Quality of data

What Affects Training Data Quality?

People

Workforce, including worker
selection, experience , and
training

Training Data
for Machine
Learning

Quality of the device

Process

Operations, such as business
rules, communication protocols,
and quality control

Competences of the HCP

Education of the users

Technology, such as labeling tools and
the platform you use to communicate
with your data workforce



A proposed

Data Quality Assessment cycle - UDDA

* Awareness of associated data
quality problems

 Soft and hard aspects: business
requirements and the quality of
data itself

Understanding

* Definition of DQ
dimensions and category

* Mapping those definitions
to an applicable
framework

e Other high-level definition
on execution — who and
when to be implemented

* Assess the data to
check for data quality

* Ability to determine
good and bad data
quality

* Reporting on results
and recommendations
on improvement

/

* Design a way of implementation
* For example, a set of assessment

requirements or criteria
© Jack Tan



Finality of the use of data influence the willingness to share data

Mon ADN, tous concernes ?

L’avis des citoyens sur I'utilisation des données
du génome dans les soins de santé

Rapport #1

Fondation

&P
B Roi Baudouin

Agir ensemble pour une société meilleure




Source: European Commission

Human agency
and oversight

Technical robustness
and safety

Accountability

To be continuously
evaluated and

addressed throughout
A the Al system’s
. life cycle

Societal and
environmental
wellbeing

Privacy and data
govemance

Diversity,
non-dis crimination
and faimess



Improving
safety and
security

Incentivizing
data sharing

Establishing
regulatory
sandboxes

Developing
high-quality
labeled data

Source: GAO Forum on Artificial Intelligence. | GAO-18-142SP

Policy
areas

Research
areas

Updating the
regulatory
approach

and ethical ]
decision-making

Exploring
computational

ethicsand  _
explainable Al 4

Understanding
Al’s effect on
jobs and
training




European Commission - Questions and answers

Questions & Answers: Al Liability Directive

Brussels, 28 September 2022

The AI Liability Directive complements and modernises the EU civil liability framework, introducing
for the first time rules specific to damages caused by Al systems.

The new rules will ensure that victims of harm caused by Al technology can access reparation, in the
same manner as if they were harmed under any other circumstances. The Directive introduces two
main measures: the so called ‘presumption of causality', which will relieve victims from having to
explain in detail how the damage was caused by a certain fault or omission; and the access to
evidence from companies or suppliers, when dealing with high-risk AI.




Gruson D; 2021

Table 1: Challenges around big data and Al [2].

1.

Establish a comprehensive legal framework for Al and update
existing relevant legislations in order to ensure that they are fit for
purpose.

Identify anc promote best practices ensuring the robustness of big
data and Al systems in the health sector both at the stages of
development and actual use to recuce potential biases and errors
of Al-based decision making.

. Accelerate the development of @ common European Health data

space as par! of 4 comprehensive strategy to acdress the current
fragmentation of the EU health data landscape.

Improve data interoperability anc support the development of
data infrastructure, with the goal of providing a reliable flow data
with stancardized formats, the necessary cybersecurity pro-
visions and data protections

Support the cevelopment of national electronic health records
and improwe the interoperability of health cata.

EqQuip the workforce with the necessary skill sets to maximize the
positive impact of Al anc concuct a comprehensive regulatory
assessment of the medical professions frameworks to determine
whether they are fit for the use of patient-centred Al in healthcare
provision,

Ensure that Al is applied in full respect of EU data protection rules
while observing the balance between scientific advancement and
patient protection.

Invest in research and innovation to boost the updates of Al ap-
plications to healthcare and support patient access to the best
available technologies.

Put in place mechanisms to ensure educational assistance o
patients to allow them to better understanc anc use Al and empower
them to actively participate in the management of their health,

Incorporating expert knowledge

Learning Coalition
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