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Applications of Al in healthcare

Al applications in healthcare

Keeping well

The use of Al and the internet of medical things in
consumer health applications helps people manage their
own health and keeps them well. VR has a high potential

to be used as a tool to improve public health issues.

Training

The use of VR in healthcare has shown major advantages
including improving training of healthcare professionals
through providing realistic and accurate simulations, thus
improving comprehension and retention.

Early Detectior
Al, the use of wearables and other devices can
be applied to detect diseases such as Cancer,
or to monitor cardiac diseases at a very early
stage, allowing doctors to closely monitor those
patients and helping them save lives.

Research has shown that digitization can and
will help healthcare professionals in making
decisions and discoveries much faster than
they previously could have. It will also pave the

way to new and emerging jobs.

Research

End oflife care

Robotics is being used to care for the elderly,
helping them remain independent, reminding
them of daily tasks and tracking their progress.
Advancements might even go further to include
having “conversations™ and socialization with
the elderly.

Intelligence

Diagnosis

Al is being implemented across different
hospitals worldwide to solve issues of
misdiagnoses. Al has the ability to process
information much faster than any human can,
thus increasing efficiencies and accuracy.

Diagnosis

Decision Making

Improving patient care requires the alignment of big
surgery to supporting self management of patients health data with the appropriate and timely decisions.
with long term conditions and for treating psychologi- . . The innovation of predictive analytics will support
cal conditions. Compared with humans, robots have clinical decision-making and deliver administration
the ability to achieve better health outcomes. priorities and actions.

Decision
Making

Treatnent
Robotics is being widely used in healthcare, from

[Source: Sherlock in Health, How Artificial Intelligence may improve quality and efficiency whilst reducing healthcare costs in Europe;
pwc, June 2017]




Introduction to Metabolomics

[Gonzalez-Covarrubias et al. 2022; Zhang et al. 2015; Zhang et al. 2020

e Definition: study of small molecules,
commonly known as metabolites, within

an organism

* Matrices: cells, tissues, body fluids (urine,
serum, plasma, CSF etc.)

* Applications:
Nutrition Science, Drug Development,
Diagnostics: Alzheimer’s disease,
Diabetes, Prostate cancer, CVD etc.
- Clinical metabolomics

* Technology: Mass spectrometry (MS),
NMR (nuclear magnetic resonance)
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NMR — the technology in a nutshell

|_//

One substance can be associated
with one or multiple signals
Integrals of signals are
proportional to concentrations of
corresponding substances
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Different chemical
environments cause the NMR
signal to be slightly “out of
tune” with nominal resonance
frequency (chemical shift)
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NMR data can be quite challenging
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intensity

intensity

NMR data needs to be processed = numares
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NMR data needs to be processed (cont.)

Intensitat
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Metabolomics workflow

Statistical Analysis

Multivariate

PLSA-DA
OPLS-DA

Univariate

Linear Model

Anova
t-Tests

Source: https://www.scielo.br/j/aem/a

Translation into
clinical practice



https://www.scielo.br/j/aem/a/yqQ9KFBbVwJPsjdWDwMkSwB/?lang=en

Analysis of metabolomics data = ~umares
[Corsaro et al. 2022; Debik et al. 2021; Pomyen et al. 2020

Data (Pre-) Bt Al Biological
Processing interpretation

® Phasing e Univariate testing: e Pathway analysis:
e Baseline correction t-Test, ANOVA, chi- ORA, FCS
e Binning square ... R T

e Dimensionality
reduction: PCA, PLS

e Clustering: k-means, ] e
SOMs | oo [Sooe

e Normalization
e Scaling
e Transformation

e Qutlier detection « Regression: PCR, PLS 3] 2% o
. :VImiSSuTa%c%ar:ue * Classification: .
P (O)PLS-DA, SVM, RF, I
* Etc. logistic regression Ly

e Etc.

Deep Learning: application still limited, in particular data pre-processing
(CNNs!), more comprehensive applications in other omic domains




Opportunities and Challenges of Clinical Metabolomics == nymares
[Gonzalez-Covarrubias et al. 2022; Tebani et al. 2016; Zhang et al. 2015] ggwr P EAL T H
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Overall challenge: necessity for good data

Garbage in, garbage out ...

THIS 15 YOUR MACHINE LEARNING SYSTETM?

YUP! YOU POUR THE DATA NTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

[Source: xkcd]
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Benefits and Challenges from Al in healthcare == numares

Data are the enabler but also the issue

G &
]
Data Standards

(Gold-standards, thresholds,
analyses methods, etc.)

Infrastructure

(Availability of high-
speed internet, HCP-
software, etc.)

Data Sharing
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Data Interoperability

(Information campaigns on use
and benefits of eData, etc.)

. . . Data Security
(Data integration, data ontologies, v

automatic coding, etc.) Data Access & Usage (established concepts HIPAA
' (anonymized databases, (USA), patient-guided data
primary and secondary use, etc.) usage, etc.)

HIPAA refers to the Health Insurance Portability and Accountability Act (US), which has creafed national standards to protect individuals® medical records
and other personal health information
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[Source: Sherlock in Health, How Artificial Intelligence may improve quality and efficiency whilst reducing healthcare costs in Europe;
pwc, June 2017



Translat_ion Into clinical practice (Registration and == numares
Regulations) U
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HOW TO REGISTER A

* requires CE mark! * Responsible: FDA
o « QMS necessary (ISO 13485) « Types of submission:
1. mark strategic plan
e Conformity assessments (CE * Premarket
mark certifies that medical Notification (510k)
2. Define intended use and . . .
Vil device complies with * Premarket

EUROPE

It is very important to confirm the correct classification

s e e Sl e MDR/IVDR) Approval (PMA)
3. Quality Management System [} Reg u I at i O n S : ® De N OVO

(QMS) and Conformity with essential
requirements

e ey usmens n o e MDR ((EU) 2017/745),
4 Conformity assessment IVDR ((EU) 2017/746)

f pd * 4risk classes according to
MDR (risk I, Ila, Ib, 1)

P Gocumematon 4 risk classes according to

including all information about device description,

manufacturing process, and pre-clinical and clinical
IVDR (A, B, C, D)
U i 7

o 6. Application evaluation to a o (e 0g
= Notified body (if applicable) L4 Not|f|ed bOdy (e.g. TUV)
[ The application should include: the technical file and

Application form.

7. Getapproval and CE mark

The Conformité Européenne Mark (CE mark) is the
symbol that indicates that the product has been
assessed to meet high safety, health and

sl preiseion (eIt [Source: https://leonresearch.com/medical-devices-europe-mdr-2017-745/]



https://leonresearch.com/medical-devices-europe-mdr-2017-745/

FDA-Guideline: Good Machine Learning Practice for
Medical Device Development (GMLP, October 2021)

Good Machine Learning Practice for Medical Device Development:

Guiding Principles

1 Multi-Disciplinary Expertise Is Leveraged ./ Good Software Engineering and Security
Throughout the Total Product Life Cycle Practices Are Implemented

<4 Clinical Study Participants and Data Sets Are /|

Representative of the Intended Patient Training Data Sets Are Independent of Test Sets

Population
5 Selected Reference Datasets Are Based 5 Model Design Is Tailored to the Available Data
Upon Best Available Methods and Reflects the Intended Use of the Device

& Testing Demonstrates Device Performance
During Clinically Relevant Conditions

7 Focus Is Placed on the Performance of the
Human-Al Team

7 () Deployed Models Are Monitored for

9 Users Are Provided Clear, Essential
Performance and Re-training Risks are Managed

Information



FDA-approved Al-based medical technologies
https://medicalfuturist.com/fda-approved-ai-based-algorithms/

FDA APPROVALS FOR ARTIFICIAL INTELLIGENCE-BASED | [ \

- TYPE OF FDA APPROVAL
DEVICES IN MEDICINE f J

0] 510(K) PREMARKET NOTIFICATION

DE NOVO PATHWAY
201611 + Arterys Cardio DL @ software analyzing cardiovascularimages from MR
201703 . EnsoSleep
201711 -~ Arterys Oncology DL E medical diagnostic application
201801 ] 1dx [ ¢ cti
201802 — ContaCT &  stroke detection on CT

CARDIOLOGY

OsteoDetect X-ray wrist fracture diagnosis
201803, —- Guardian Connect System ©) predicting blood glucose changes g T ENDOCRINOLOGY

201805, - EchoMD (AEF Software)

@

echocardiogram analysis

2018.06. + DreaMed

&
K

managing Type 1diabetes.

RADIOLOGY

E)

2018.07. +~ BriefCase triage and diagnosis of time sensitive patients

(=]

ProFound™ Al Software V2.1 breast density via mammogprahy

2018.08 + Arterys MICA

@

liver and lung cancer diagnosis on CT and MRI

@

201808, —+ SubtlePET radiology image processing software

Al-ECG Platform

-

E @

ECG analysis support

Accipiolx acute intracranial hemorrhage triage algorithm

icobrain MRl brain interpretation

201811 + l FerriSmart Analysis System 222
201803 - cmTriage mammogram workflow =NEUROLOGY,

201904 + Deep Learning Image Reconstruction CT image reconstruction

2018.0S + HealthPNX INTERNAL MEDICINE

chest X-Ray assessment pneumothorax

EEEg

201906 —  Advanced Intelligent Clear-1Q Engine

noise reduction algorithm

I
)

2018.07 + SubtleMR

()

|
It

radiology image processing software i I OPHTHALMOLOGY

)

Al-Rad Companion (Pulmonary)

g

CT image reconstruction - pulmonary

201908 —+ Critical Care Suite i & HEROE NC L EOICINE R

@

chest X-Ray assessment pneumothorax

[

|

2018908, —+  Al-Rad Companion (Cardiovascular) CT image reconstruction - cardiovascular

]

201911 + EchoGo Core quantification and reporting of results of cardiovascular

ONCOLOGY ——1

201912 +  TransparaTM mammogram workflow

202001 —+ QuantX radiological software for lesions suspicious for cancer

cardiac Monitor

ERAEE)

Eko Analysis Software

[Source: Benjamens S, Dhunnoo P, Meskd B. The state of artificial intelligence-based FDA-approved medical devices and algorithms: an online
database. NPJ Digit Med. 2020;3:118. Published 2020 Sep 11. do0i:10.1038/s41746-020-00324-0]
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