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The role of artificial intelligence
In the digital medicine




THE DIGITAL TRANSFORMATION

Digital Health

Technologies, platforms and systems  that engage users for purposes related
to lifestyle improvement, well -being and health. Other objectives may be to
acquire, store or transmit health data , or to support clinical activities. To be
deployed, applications in this area do not require clinical trials , nor
regulatory supervision from any type of national or international body




THE DIGITAL TRANSFORMATION

Digital Medicine
/ Software and hardware for clinical measurements and/or to intervene

directly on health. They require clinical efficacy trials  and are typically
classified as medical devices




THEORY AND PRACTICE

THEORY The digital medina is based on software and
hardware solutions, which  do not necessarily
have to use artificial intelligence techniques




THEORY AND PRACTICE
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ALGORITHMS IN MEDICINE

More and more applications

Az

Artificial Intelligence

Index Report 2022

X 1 OThe number of algorithms using Artificial Intelligence in

the medical field has increased 10 -fold in the last year! HHHA




ALGORITHMS IN MEDICINE
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AlI&HEALTH MARKET

The market will be ACCELERATING

growing at a CAGR over 2 8%

178 miliardi $

49%

of the growth
will come from

NORTHAMERICA
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AlI&HEALTH DOMAINS

Clinical practice Biomedical research

Al tools in healthcare

Public health Health administration
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DOMAINS FOR Al IN HEALTCARE

Public health

+ Surveillance : Al can help identify specific demographics or
geographical locations where the prevalence of disease or
high -riskbehaviours exist; it can also help to implement digital
epidemiological surveillance

+ Global health : Al may provide opportunities to address health
challenges in low -and middle -income countries (LMICs); these
challenges include acute health workforce shortages and weak
public health surveillance systems;

+ Drug discovery :recently developed Al approaches provide new
solutions to enhance the efficacy and safety evaluation of
candidate drugs based on big data modelling and analysis;




DOMAINS FOR Al IN HEALTCARE

Biomedicateserach

-~ Clinical research : mainstream medical knowledge resources
are already using ML algorithms to rank search results, including

algorithms thatlearnfrom u s er s 0 dehaviow h

+ Personalized medicine : strongly relies on a scientific understanding
of how an individual patient's unique characteristics, such as
molecular and genetic profiles, make this patient vulnerable to a
disease and sensitive to a therapeutic treatment;




DOMAINS FOR Al IN HEALTCARE

-+ Healthcare systems are characterized by a heavy administrative
workflow with a wide range of actors and institutions,
comprising patients (e.g. management of billing), health
professionals, healthcare facilities aaganisationge.g.
patient flow), imaging facilities, laboratories (e.g. supply chain
of consumables), pharmacies, payers, and regulators.

<= Al can perform routine andurocratictasks in a more
efficient, accurate and unbiased fashion

Applications tescheduling patient flow management
identification of fraudulent activities




DOMAINS FOR Al IN HEALTCARE

Clinical Practice
+

Radiology and digital pathology  : segmentation with
limited human supervision to automatically localise and
delineate the boundaries of anatomical structures or lesions;

+ Emergency medicine :improve patient prioritisation during
triage; organisational planning and management within the
emergency department;

+ Surgery : integration of diverse sources of information (patient
risk factors, anatomic information, etc.) in the development of
better surgical decisions;

+ Home care : self-management of chronic diseases and diseases
that affect the elderly;
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DRUG/MOLECULE DESIGN




INVERSE DESIGN
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N\ ? In fields such as Engineering, Chemistry and Physics, the design of devi

. structures is progressively supported Dgep Learningnethods

Objective:design materials, devices or tools based on the properties the
should exhibit
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PROPERTIES OF INTEREST

Functional Properties:
A Bind to a specific target receptor or enzyme

Physicochemical Properties:

A Molecule's chemical structure and behavior, such as solubility, stability,
boiling point, melting point, and chemical reactivity

Toxicity and Safety:

A In a biological or environmental context, it's important to consider
molecules toxicity and safety profile

Specific Target or ApplicatieRelated Properties:

A For instance, if you're designing a molecule for use in a particular type of
semiconductor, you would need to focus on properties relevant to that
application, like charge carrier mobility or bandgap




ISSUES
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ISSUES

X Nonunigueness of the solution
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ISSUES

Molecule Structure inverse

[ : a—::f_l(g)

the structure is not
univocally defined, in general

X Nonrunigueness of the solution Design Space PropertiesSpace

X Drastically different molecules can )
produce very similar responses.




ISSUES

Molecule Structure inverse

[ : a—::f_l(g)

the structure is not
univocally defined, in general

X Nonrunigueness of the solution Design Space PropertiesSpace

X Drastically different molecules can )
produce very similar responses.

X High dimensionality of the design space




ISSUES

Molecule Structure inverse

[ : j:f_l(g)

the structure is not
univocally defined, in general

X Nonrunigueness of the solution Design Space PropertiesSpace

X Drastically different molecules can )
produce very similar responses.

X High dimensionality of the design space

X Feasibility constraints on the design



FEASIBILITY CONSTRAINTS

Chemical Feasibility:
Adhering to valence rules, satisfying octet rules for most atoms aapdling strained
or unstable configurations

Synthetic Accessibility:
The designed molecule should be synthesizable using available or reasonable
synthetic methods. Complex or exotic reactions and reagents may be impractical,
costly, or impossible to implement.

Reaction Conditions:
Extremely high temperatures, pressures, or toxic reagents can be prohibitive.
Hazardous or toxic materials and reactiosBould be avoided or properly managed.
Short shelf life or chemical instability can be problematic.

Cost:
Highproduction costscan make a molecule economically unviable.

Requlatory and Compliance Constraints:
Compliance with safety, environmental, and legal regulations is essential.

Purity and Characterization:
The designed molecule should be synthesizable with a high degree of purity, and
methods for characterizing and quality control should be established.




STATE OF THE ART
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STATE OF THE ART

dimensional) design space

c Most architectures work at the level of tlaxiginal (highly

No feasibility constraintconsidered in the design process

Randominit to start the exploration/optimization in the
design space




GIDnetc IJCAI 2023

f )- We embedthe designspaceinto a suitablydefined latent spaceto dealwith complex
representationgyoingbeyondplain numericalvalues
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GIDnetc IJCAI 2023

f )- We embedthe designspaceinto a suitablydefined latent spaceto dealwith complex
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GIDnetc IJCAI 2023

f )- We embedthe designspaceinto a suitablydefined latent spaceto dealwith complex
representationgyoingbeyondplain numericalvalues

(‘ \- Ratherthan usinga «blind» generatorthat tries to compute the solution by starting
‘g8 from somerandominitialization we start the exploration of the latent spaceby first
looking at the datasetandidentifying educatedguessesalledseeds
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GIDnetc IJCAI 2023

@ We provide an exploration mechanismtoghederwith a mechanism(SelectionLaye) suchthat the network can
automatically choosea starting point for the exploration asone of the givenseeds or alternatively asalinear
combinationof the seeds
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GIDnetc IJCAI 2023

| | Name Dim(z) Dim(y) | Source |
D; fi 3 2 [here]
Ds Ballistics 4 1 [Kruse er. al 2021]
Dg Robotic arm 4 2 [Kruse et. al 2021]
D~ Sine Wave 2 1 [Ren et. al 2020]
Dg | Multilayer Stacks 5 256 [Chen et. al 2019]

5 layersthin film metamaterials
A eachlayerwith thicknesswithin the range1-60 nm

-

A materialcanbe Ag,AlI203, ITO,Ni, or TiC2

A we haveto representits thicknessplus the material as a one-
hot encodingover5 alternatives

Eachstructureis associatedvith reflectanceandtransmittance
spectrg obtainedvia the transfer matrix method simulatedon
aninfinite glasssubstrate for two polarizations at the incident
anglesof 25, 45, and 65 degrees for 200 equallyspacedpoints
overthe range450-950nm
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GENES SELECTION




SETTING

A In disease, cells genes are oftemder-expressed BRELLILEEIIULIEY . \
or over-expressed s s

\ "
chromosomes

cell

A Highthroughput sequencingand Microarrays
are efficient techniques to gather data that can
be used to determine the expression pattern of
thousands of genes




SETTING

patients

A Course of Dimensionality
Thousands of genes for few patients (Linear dep. between genes)

Noise and redundancy
Data collection is often  multi -centric and carried out with
heterogeneous devices

genes

Class Imbalance
Seqguencing mostly takes place on pathological patients




SETTING

A Chronic Lymphocytic Leukemia (Cid.a hematologic neoplasm characterized b
an accumulation of lymphocytes in the blood, bone marrow, and lymphatic
_organs (lymph nodes and spleen)

A In more than half of the patients, CLIdiagnosed incidentallyand some
patients can remaistable for more than 10 yearswvhile others may experience
rapid worsening

Ve

Its causes are not completely clear

DIAGNOSIS -

Worsening of the disease:
. . Death or Need ofrearment

Time to first treatment




FEATURE SELECTION

Theprocessof selectinga subsetof relevantfeatures(variables predictors)to usein
predictivemodels,to reducethe computationalcostand to improvethe performance

A Main Ideas: Correlation Clustering

(_ lterative Procedure which selects a set
of meaningful genes at each iteration

Neural Filtering

Neuralapproach to filter redundant

enes into the genes space
J J P Neural Network for

ey : prediction
-(gp)- Ad-hoc defined EXPLAINABLE Al

‘8 based methodo select the most

impactful genes _
SHAP XAl Selection




A CLOSER LOOK AT THE STEPS

Correlation Clustering

Neural Filtering

Neural Network for prediction

SHAP XAl Selection

n pts

m genes

Correlation Clustering

R

Clusters k; . . . k,

(ofgenes




A CLOSER LOOK AT THE STEPS

Correlation Clustering -

Clusters k. . . k Autoencoder Filter

. IR | (
Neural Filtering used a.; features fﬂrrelaach
k... k,
AE,
w3

Neural Network for prediction

Select best reconstructed gene

for each k;. ..k,

SHAP XAl Selection




A CLOSER LOOK AT THE STEPS

Correlation Clustering
Clusters k... k,

i

Neural Filtering

g Genes

NN Training

g genes
used as features =

Neural Network for prediction

prediction

SHAP XAl Selection




A CLOSER LOOK AT THE STEPf’_ — =

Most impactful GENE e
2° most impactful GENE
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Others
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Neural Network for prediction | 9

Select and the most meaningful genes according an
ad-hoc defined
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APPLICATION TO CLL

Genes Selection using Deep Learning and Explainable Atrtificial Intelligence for Chronic
Lymphocytic Leukemia Predicting the Need and Time to Therapy

Fortunato Morabito, Carlo Adornetto, Paola Monti, Adriana Amaro, Francesco
Reggiani, Monica Colombo, Yissel Rodriguez -Aldana , Giovanni Tripepi, Graziella
D'Arrigo, Claudia Vener, Federica Torricelli, Rossi Teresa, Manlio Ferrarini, Giovanna
Cutrona , Antonino Neri, Massimo Gentile and Greco Gianluigi

O-CLL Dataset
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APPLICATION TO CLL
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SHAP value (impact on model output)

_{ Eightof the top ten genesselectedby the algorithm were found in the Reactome
pathway database,showing an involvementin various pathways such as signal
transduction, gene expression (transcription), protein metabolism immune
system cellcycleand apoptosis

_{ T7ofthemareinvolvedin protein-protein interaction (PPI)
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OPHTALMOPLASTIC SURGERY




OPHTALMOPLASTIC SURGERY

+ Howto quantify the effect of blepharoplastyon rejuvenation?

> J Plast Reconstr Aesthet Surg. 2023 Oct:85:336-343. doi: 10.1016/.bjps.2023.07.017.
Epub 2023 Jul 17.

Estimating apparent age using artificial intelligence:
Quantifying the effect of blepharoplasty

Kendall Goodyear ', Persiana S Saffari 2, Mahtash Esfandiari 3, Samuel Baugh 3,
Daniel B Rootman 71, Justin N Karlin 4

——
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Input Age
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Input: : Output:
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Facial Photo & Age Feature Recognition
Repeat the

Artificial Intelligence Model process for all
32 photos




OPHTALMOPLASTIC SURGERY

+ In the evaluation and management pifosis (by blepharoplasty), measurements of MRD1,
MRD2, and LF are tirsnsuming, subjective, and prone to human error.

Observational Study > JMIR Mhealth Uhealth. 2021 Oct 8;9(10):232444. doi: 10.2196/32444.

7 = a —
R"' ;i: Bﬁ g& :" i‘l‘ Smartphone-Based Artificial Intelligence-Assisted
: A — ) Prediction for Eyelid Measurements: Algorithm

J"‘ m - i mt Development and Observational Validation Study

Hung-Chang Chen * 1 2, Shin-Shi Tzeng ¥ 7 2, Yen-Chang Hsiao ® 1 2, Ruei-Feng Chen ¥ 3,

Erh-Chien Hung * 1 2, Oscar K Lee * 4 3

Normalized Gold standard ;
eye photos measurements P<3>)
&Y MAIA
e YE
- ~ i .l
> . 3 P
- SR ¥V
y & D>

Determine H
N accuracy of the :
. »"ow = -+ 3 X , model H
R . - > i
MAIA Deep learning B <

/

Y
o I o > 8 &
:@vmw @—' / Correlationup to 90%
roup |~
MAIA

Future applications




OPHTALMOPLASTIC SURGERY

+ Al to quantifyproptosisand identify patients to be treated surgically

+ Case study of 56 paediatric patients (31 of whom were surgically treated)

> Ophthalmol Ther. 2023 Oct;12(5):2479-2491. doi: 10.1007/540123-023-00754-5. Epub 2023 Jun 23.

Artificial Intelligence Automation of Proptosis
Measurement: An Indicator for Pediatric Orbital
Abscess Surgery

Roxana Fu !, Andriy Bandos 2, Joseph K Leader > #, Samyuktha Melachuri 3, Tejus Pradeep ©,

Aashim Bhatia 7, Srikala Narayanan &, Ashley A Campbell %, Matthew Zhang '°, José-Alain Sahel T,

Jiantao Pu 3 4

intraconal PRt intraconal

regions Orbital abscess regions



OPHTALMOPLASTIC SURGERY

+ Generative Ato predict the aesthetic outcome of surgery

+ Dataset of patients undergoing Orbital Pre-op Postop
Decompression for Thyroilssociated @ 3
Ophthalmopathy (TAO) @& :

109 Pazienti
" |
conditional GAN "Fereon Gy (moston)
Discriminator a g U g
& i | -
Conditional Latent ‘. v
variable y vector Z _‘

Computers in Biology and Medicine
Volume 118, March 2020, 103628 i 4

A generative adversarial network approach
to predicting postoperative appearance after
orbital decompression surgery for thyroid
eye disease ¥

Tae Keun Yoo ® 2, i, Joon Yul Choi ® 9 i, Hong Kyu Kim ©

Input images Images generated Ground truth
(Preop) by CycleGAN (Postop)
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OPHTALMOPLASTIC SURG&BHIcal

.' TheProblem .

@ Theldea

A Therearenotools generatedto predict Postop ¢4

A Requiresa precision,patient-tailored approach A Albased rendering to generate postoperative
A Lotsof individualvariablesto consider imagesfrom pre-operativephoto

A Explorethe resultsfor different surgicalvariables

) H - Preop Postop
ow" 1. Data Collection (smartphone + clinical data) B, &=
.t%h‘ﬂ e

Preop

Tipo Intervento

2. Generative Al TipoSututa




OPHTALMOPLASTIC SURG&BHIcal

+ Utilities and Advantages
To allow ophthalmoplasticurgeons to have patients who have to undergo surgery see a prediction
surgical outcomes through a rendering generated on the basis of the data provided. Each renderir
have the ability to be customized by changing the surgical variables.

+ Features & Functionality:
- Mobile platform
- Ability to take images with Al support to standardize photo
- Possibility to customize the intervention sheet for each individual patient
- Obtain more renderings of the surgery according to the surgical plan

Input dati
Paziente

Inizio processo Supporto alla foto Elaborazione dati

- Iniziali:

-Eta:

-Etnia

-Anno di nascita:
-Quadro clinico:
-Tipologia di ptosi:
-Causa della ptosi:

Dati rel ati
-Tipologia di intervento:
-Tipologia di sutura:



Al -powered DTX
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THE DIGITAL TRANSFORMATION

Digital Medicine
/ Software and hardware for clinical measurements and/or to intervene

directly on health. They require clinical efficacy trials  and are typically
classified as medical devices




THE DIGITAL TRANSFORMATION

DTXx

Software that delivers therapeutic interventions to prevent, manage or treat a
medical disorder or disease. Clinical evidence and Real World Evidence are required




Lenire [FDA 03/2023]

ﬂ Treating Tinnitus Symptoms

OO It uses the principle of bimodal neuromodulation it
provides mild electrical impulses to the tongue
combined with sound reproduced through
headphones to drive long -term changes or
neuroplasticity in the brain to treat tinnitus.

:,. Clinical trial on 112 patients and RWE of 204 users,
) with 79.4% improvement

. The frequencies of the sounds played by the
headphones must be customized




Tinnitracks[non-FDA]

ﬂ Treating Tinnitus Symptoms

ooo Filter music based on the specific tinnitus frequency

" Clinical trial on 98 patients , with 65% improvement

A The application filters the music played in real time w0100 01
‘It optimizing it according to the frequency of tinnitus :

———— 0




CognlICAFDA 10/2021]

ﬂ Assessment of cognitive functions

00 Implement a rapid test, based on displaying images
at a rapid pace on the iPad screen and asking you

to identify them as animals or non  -animals

Clinical trial on 91 patients , with 94% accuracy

= The classification of the patient, based on
response speed and accuracy, takes place with

a regression system

//”// Cognetivity

rrrrrrrrrrrrr

Subject Ip;
test subject 0oy, 3 contoct

4
Sex:Male. Yop. 196, /7 o0 1293

Test Date: 16
/DEC /205
0 Time: 04:
“46pm

A self- admlnlstered artificial mtelhgence
(Al) platform for cognitive assessment in
multiple sclerosis (MS)

Seyed-Mahdi Khaligh-Razavi'*'®, Maryam Sadeghi®, Mahdiyeh Khanbagi?, Chris Kalafatis'**
Seyed Massood Nabavi’

and




