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Application areas

> Neuroscience

Widening the technological potential of Greece in Pre-contractual review of the tender
@ Biomedicine and Healthcare Applications by fusing it Tender publication & evaluation

v
> Mental health with neuroscientific research: v =] Contract for supply
> e the establishment of a cont MEG Lab V| ohepreparation
pilepsy @ e establishment of a contemporary a v = | Shipping & Customs
» Dementia IR :// Installation & Testing
S
»  Brain Injury/Trauma = A M EG L b
Jury N //_ a
/// Ji

» 88 MEG systems worldwide
» 47 in Europe
» None at south east Europe

+»+ State of the art OPM system
Suitable for all ages

Patients can move during the scan
Brain, heart, spine, muscles, gut,
fetal monitoring

+* MEG skills
+* New research pathways ‘
+» New job openings

iMedPhys

i

+* New educational courses .

+* Enhanced capacity for research
(basic, applied clinical) and
research proposals

@‘ establishment of a contemporary

MEG Lab -
9 University General Hospital of Thessaloniki
“AHEPA”
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Research & Innovation
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GENERAL SECRETARIAT FOR 13/04/2021- 12/04/25 s L B Human Brain Dynamics, Biomedical Technology & Healthcare Applicafions
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TTOTEAEID MANE

‘Epeuva I'lA Tnv koivwvia kal MAZI ME tnv Koivwvia

H ‘Epeuva kai n EmotAun otnv d1d0son Twv
TTOAITWYV

Koivétnta Zuvepyaoiag Kail ‘Epguvag yia Thv
Avegaptntn AlaBiwon:

>100 evepya péEAN — Ala Biou Epeuvnrtég, 60+
ETWV, XPOVIOI a0BEeVEIC, EUTTOBEIC OUADdEC

H T6ANn Xwpog TreipapaTtiochou yia Tnyv idia Tnv
KoIvwvid

[MpoTepaIOTNTA Ol AVAYKEC KAl TA TTPOBAAMATA TWV
TTONITWV

2 UVv-Onuioupyia KalvoTOuwy AUocEewv (0€ KABE oTAdIO)

2UVEPYOOIia PE TO TOTTIKO OIKOCUOTNUA

Tunpa latpikns ANS

KOINOTHTA ZYNEPTAZIAZ
KAI EPEYNAZ lA THN
ANEZIAPTHTH AIABIQZH
EPFAZTHPIOY IATPIKHE ®YEIKHE
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Opiouoc Texvntnc Nonuoouvng

O TOMEQG TNG ETTIOTAMUNG TWV UTTOAOYIOTWY O OTTOIOC QOXOAEITAI JE
TN oxediaon Kal UAOTTOINON TTPOYPAUUATWY TTOU JTTOPOUV VA
MIMNBOoUV TIC avOPWTTIVEC YVWOTIKEC IKAVOTNTEC,

EMPAVICOVTAC £TOI XAPOAKTNPIOTIKA TTOU OUVNOWC atTodid0UE O€
AvOPWTTIVN CUUTTEPIPOPA,

OTTWG
N yaénon, n emiAuon TpoANUATWY, N KATAVONON TNG PUOCIKNG
YAWOCOAG...
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AC PAVTOOTOUUE EvVa ocuaTnua TexvnNTNg
Nonuoouvng TO OTToI0 KAAEITAI va ECAAEIWPEI Hia
oof3apn aocbEveia oTov KOOUO...

MeTa atrd TTOAAOUG UTTOAOYIOUOUC EKTOEEUEI LI POPUOUAQ TTOU OTNV
TTPAYMATIKOTNTA TTPOKAAEI TO TEAOC TNG a0BEvEIQC

OKOTWVOVTAG ONWS OAOUC TOUC avBpwITTOUG aTOV TTAAVATH.

O uTtroAoyIoTNG Oa €iXE ETTITUXEI TOV OTOXO TOU TTOAU ATTOTEAECUATIKA. ..
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Artificial Intelligence Precision ;
Programing system to perform tasks which Oncology ;
normaly require human intelligence ;
— @ g
Machine Learning Drug
A subfield of Artificial intelligence NS Discovery :
Deep Learning |m.ag|-r;é &
A subfield of Machine Learning Digital ;
"""""""""""""""""""""""""""""" Pathology :
@
Next
Generation
Sequencing

i Patient Data
Digital Health Care Managment

Igbal, Muhammad Javed, et al. "Clinical applications of artificial intelligence and machine learning in cancer diagnosis: looking into the future." Cancer cell international 21.1 (2021):
1-11.
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iNoroinz 0y s Texvntn Nonuoaouvn - Mnxavikd cuoTnuaTa o

Texvntn Nonuoouvn gival pia 1010TNTA TNV OTTOIA KATEXOUV JNXAVIKA
ouoTNuaTa.

[TpoUTTOBEOEIC:

* AlaBeTouv UWPNAO BaBuO autopaTiIouoU

o AExovTal OedOPEVA ATTO TO TTEPIBAAAOV

* AvaAuouv Ta dedopeva

 [lpdaTtTOUV BACEl TNG AvAAUCONC £TOI WOTE VA ETTITUXOUV TO KOAUTEPO
OUVATO ATTOTEAECUA ME YVWHOVA EVAV ATTWTEPO OTOXO (0pBoAOYIKN
opacon)

* [Tapatnpouv TNV ATTodO0TIKOTATA TWV TTPACEWYV TOUC KAl
TTpooappolovTal (MaBnon)
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AvVAOAUON I0TPIKWYV OEOONEVWYV ME
MNXOVIKN paénon

* Mnxavikr) pad@non (Machine Learning)
e YTTotredio TNG ETMIOTAMUNG UTTOAOYIOTWY Kal TNG TEXVNTAG VOnHoOouUvNng
* AAYOpIBuoOI TTOU paBaivouv atrd dedoHEVA Kal KAVOUV TTPORBAEWEIG
« AnMioupyia HOVTEAWYV 1 TTPOTUTTWYV ATTO £VA OUVOAO DEDOUEVWIV
» ['pryopn €EEAIEN Xapn oTnV JIAOECINOTNTA UEYAAOU OYKOU OEOOUEVWV

e Mnxavikr) paBnon o€ 1aTPIKA dedoPEVA
« Yroondnon iarpwyv otnv diayvwon acBeveiwyv
« Meiwon xpovou egETaong - BeATIOTOTTOINON XPAONG TTOPWV VOOOKOUEIOU
« Katnyoplotroinon acBevwy - EEATOMIKEUMEVN IATPIKK) @POVTIdA
* NMpdAnYn acBeveiwv
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* Oykoc¢ (Volume)

» TepdoTiog OyKOG dedOPEVWY. TTOU TTapayovTal KadBnuepiva. O ouvOouaouoG DEOOPEVWV
TTPAYHATIKOU XPOVOU Kal OEQOPEVWYV ATIO TO IO'TO%IKO TTapEXEl TTANBWPA TTANPOPOPIWV
yia Tn dIEUKOAUVON TNG KATAAANANG Kal BEATIOTNC O1adIKACIAC AWNG ATTOPACEWV.

« Taxurnta (Velocity)
* H avaAuon dedopévwy TTPAYUATIKOU XPOVOU eYEipel TTOAUAPIBUEG TTPOKANCEIG, KABWG
TTPETTEl va KATAVEUNOEI  KATAAANAN  E€TTECEPYQATIK 10XUG Yyid va ETITPATIEI MId
QTTOTEAECHATIKA ACIOAOYNON EVTOC TWV CUYKEKPIUMEVWV XPOVIKWYV TTEPIOPICUWV.

e [NoikiAia (Variety)

* Ta 6aéogjéva ATToTEAOUVTAl OTTO 6|g'x(popou§\ TUTTOUG, OOUEG Kal MOPQYEG (TT.X. r’}\xog,
Bivreo, dedopEvwyY aIoONTNPWYV, KEIPMEVO). AUTN n TToIKINOPOP®@ia aTtraitei KATAAANAQ

EPYOAEI KOl TEXVIKEG TIOU UTTOPOUV VO E€QOPUOCTOUV Yyid TNV ATTOTEAEOUATIKN
dlaxeipion OIAPOPETIKWY TUTTWV OEOOUEVWV.
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EmB)\aﬂouevn uaenon, b ETTIBAETTOUEVN HABNON,
EVIOXUTIKN pabnon

Supervised learning

Labeled data

Training

New data

Unsupervised learning

Raw data
Regression
F(x)
Classification
v v
Clustering Association Dimension
reduction

Reinforcement learning

Environment

State Act

Reward
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Traditional server architecture

Main Final
Server Model

YHOIAKHE _ & INNONATION
KANOTOMIALLS .. LAB

ETOTEASIO MANETIETHIMO SEZTAONKE

EPTAZTHPIO MEDICAL

IATPIKHX PHNSICS

ONZIKHLZ + +DIGITAL
I

QPXITEKTOVIKI)
olakouioT) TN yia

TTAPAOOCIOKN Kal

AV~

Federated learning server architecture

Model 1

Main
Server

Model 2

Final
Model

Model 4

Satellite
Server 1

Satellite
Server 2

Satellite
Server N

OMOCTIOVOIAKI)

IJ (’] e r] 0 r] Dataset Dataset
1 p) 3

Hospital 3

Hospital 1 Hospital 2

(@)

0 KEVTPIKOG OIAKOUIOTAG ETTECEPYALETAI

OAa Ta akaTépyaoTa dedouéva

Chiu, H.-Y.; Chao, H.-S.; Chen, Y.-M. Application of Artificial Intelligence in Lung Cancer. Cancers
2022, 14, 1370. https://doi.org/10.3390/cancers14061370

Dataset Dataset Dataset
d 2 3
Hospital 1 Hospital 2 Hospital 3

(b)

IAAA BIOIATPIKHE
Al EKNAIAEYSHE

LRESEARCH AND
DN SPECIALUNIT

Etre€epyacia o€ kGBe Evav UTTOAOYIOTEC
KAl JOVO Ta EKTTAIOEUMEVA MOVTEAA poIpalovTal
ME TOV KEVTPIKO dlakopIoTA. H 1IdiwTIKOTATA
KABe ouvOAou BEQOUEVWY TTPOCTATEUETAL.

7aN
X2
EIP oN AHA

REFERENCE SITE
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MOavoi poAot TNG TEXVNTAG YONHOOUVNG OTIC UTINPEGIEG UYEIiag

( ) ( N
Diagnostics Therapeutics
* Clinical and multi-omics data: * EHR data and clinical guidelines:
NIPT, early cancer detection, infectious Al-based treatment of common diseases
disease detection * Human-Al interaction in robotic surgery
* EHR data and expert knowledge: * Pharmacogenomics for guiding drug therapy
Al-based diagnosis and evaluation of * Data-driven precision medicine to deliver
common diseases therapies guided by clinical and digital
* Image data and deep learning: phenotypes
Expert-level diagnosis of medical images g <
. and screening of diseases ) Applications of
Al in healthcare
, )

Administration and regulation

- 5

Population health management

* Big data in hospital management,

» Patient-centered information systems for insurance, epidemiology, drug interactions
healthy lifestyle promotion, early disease and complications, quality-based outcome
detection, public education assessments, disease monitoring

\_ ) A J

He, Jianxing, et al. "The practical implementation of artificial intelligence technologies in medicine." Nature medicine 25.1 (2019): 30-36.
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APETOTEAEI0 ANETIETH ARISTOTLE UNIVERSITY of THESSALONKI

Artificial intelligence in pediatric radiology \ Open Access \ Published: 16 July 2021

Current and emerging artificial intelligence applications
for pediatric musculoskeletal radiology

Amaka C. Offiah &

Pediatric Radiology (2021) \ Cite this article
1322 Accesses | 2 Altmetric | Metrics

Image Deformity Results
Not for diagnostic use. Morphometry (% Deformation)
% = Level | Wedge Bicon. Crush Grade SQ Score
T4 24.3% 83% -44% Mild -
T5 158% 29% 0.4% Normal -
T6 19.4% 16.9%  5.4% Normal -
7 05% -4.0% -9.0% Normal -
T8 18.4%  6.6% -2.1% Normal -
T 25.1% 8.1% 6.7% Moderate -
T10 23.5% 9.2% 4.6% Mild -
T 248% 10.1% -2.0% Mild -
T12 254%| 6.5% 1.2% Moderate -
L1 23.2% 10.7% 1.5% Mild -
L2 143% 8.2% 24% Normal -
L3 10.2%] 25.0%| -7.4% Moderate -
4 -25% 7.1% -5.3% Normal -
BA (GP) 0.06 : § (M) 0 - Normal 1 -Mild 2 - Moderate 3 - Severe
BA SDS: ‘0.47 (CGUEU) < 20% 20% < 25% 25% < 40% P 40%
Carpal BA: (N/A) Level | Differential Diagnosis
BA (TW3): below 2.0 T4 -
Age: 0.13y 15 :
; 6 "
BHI: 4.46 ol
BHI SDS: -0.30 (CauEu) T8 :
T9 -
BoneXpert: 3.0.3 189 -
\ 11 -
T12 -
L1 -
L2 -
Posteroanterior left hand and wrist radiograph in a 3-week-old boy, following interpretation of bone L3 &
ge by BoneXpert. The figures in the small white boxes represent the Greulich and Pyle bone ages of L4 -
o
Ka
[ HAL]| Eponana
Offiah, Amaka C. "Current and emerging artificial intelligence applications for pediatric musculoskeletal radiology." Pediatric Radiology (2021): 1-10. . £
* ok ok T
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E@Qapuoyn TNG TEXVNTNG VONUOGUVNG
OTOV KAPKIVO TOU TTveUuuova

e ...aTT0 TNV avixveuon, Tn d1IAyvwaon Kal TN Awn atmro@Aacewy €wG TNV TTPOYVWON.

* Oa émopgoos va peiwoel Tnv epyacia TG LDCT, tng CXR kai TnG avayvwaong Twv dIapaveiwy
TTaBoAoyiag.

* ...w¢ OeuTePN YVwuN atnv avayvwon LDCT kal CXR va Yeiwael TNV TTPOCTTIABEIN TWV AKTIVOAOYWV
KAl Qu¢nOoeEl TRV akpifela TG avixveuong olidiwv.

* Heagaywyn tng Al atnv WSI otnv wneiakn raBoAoyia augavel Tnv Tiun Kappa tou maBoAdyou Kal
BonBd& otV TTPOLBAEWYN HOPIOKWY PAIVOTUTIWY PE AKTIVOOKOTTNON Kal xpwon H&E.

* Me TnVv ggaywyn TG PadIoPIKNG aTro Ta dedopéva eikovag Kal Tng WSI atro 1ov Top€a 1ng )
|I0TOTTa60A0YIAG, Ol KAIVIKOI YIATPOi Ba utropoucayv va XpnaigoTroinoouV TIB/ TN yia va TTpoBAEWouv
TIG 1I010TNTEC TOU OYKOU, OTTWG N YoVIBIOKN METAAAAEN Kal n €kppacn Tou PD-L1.

* ...6a ymmopouae va BonBrnaoel Toug KAIVIKOUG yIaTpoug aTn Anyn anocpdcswv,nepoﬁ)\évovmg NV
QVTATIOKPIGN OTN BEPATTEIQ, TIG TTAPEVEPYEIEG KAI TNV TTPOYVWON OTNV IaTPIKA BEpaTreia, T
XEIPOUPYIKN ETTENROON KaI TNV AKTIVOBEPATTEIN

R
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Chiu, H.-Y.; Chao, H.-S.; Chen, Y.-M. Application of Artificial Intelligence in Lung Cancer. Cancers 2\
2022, 14, 1370. https://doi.org/10.3390/cancers14061370 [ OA
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V4
6 a 6 O “ avw V Y I a Database Year Material Volume Features
- Contains 100 CXRs with malignant nodule, 54 CXRs with benigh
ye JSRT[87] 1998 R 154 nodule, and 93 normal CXRs
E K I I a I 6 E U 0- r] Shenzhen CXR set [88] 2012 CXR 662 Contains 326 normal CXRs, and 336 CXRs with tuberculosis. Ribs
were labeled.
Montgomery CXR set [88] 2014 CXR 138 Contains 80 normal CXRs, and 58 CXRs with tuberculosis. Ribs
. = . were labeled.

Classified into 8 features: atelectasis, cardiomegaly, effusion,

ChestXray8 [59] 1992-2015 CXR 108,948 infiltration, mass, nodule, normal, pneumonia, and pneumothorax

Classified into 14 features: atelectasis, cardiomegaly, consolidation,
ChestXray14 [89] 19922015 CXR edema, effusion, emphysema, fibrosis, hernia, infiltration, mass,
nodule, pleural thickening, pneumonia, pneumothorax.

Labeled with 174 different radiographic findings, 19 differential

PadChest [90] 2009-2017 CXR >160,000 diagnoses and 104 anatomic locations

LIDC [91] 2011 LDCT 1018 Nodules were annotated and labeled with nodule sizes
Adapted from LIDC, with additional nodules found during model

LUNA16 [23] 2016 LDCT 888 training.
1186 lung nodules annotated in 888 CT scans

MIMIC-CXR [92] 2011-2016 CXR 377110 Clasaﬁ&.zd into 14 labels derived from two natural language
processing tools.
Labeled with 14 features: no finding, enlarged cardiom,

ChestXpert [93] 2019 CXR 224316 cardlomegaly, lung opacity, lung lesion, edema, consphdahon,
pneumonia, atelectasis, pneumothorax, pleural effusion, pleural
other, fracture, support devices

VinDr-RibCXR [94] 2020 CXR 18,000 Rib suppression images

RadGraph [95] 2021 CXR 500 Inference dataset of MMIC-CXR and reports

REFLACX [96] 2021 CXR 3032 Labeled by 5 radiologists and synchronized sets of eye-tracking

data and timestamped report transcriptions

CXR: chest CX-ray set, JSRT: Japanese Society of Radiological Technology, LIDC: Lung Image Database Consortium,
LUNA: LUng Nodule Analysis, REFLACX: Reports and Eye-Tracking Data for Localization of Abnormalities in
Chest X-rays.

Chiu, H.-Y.; Chao, H.-S.; Chen, Y.-M. Application of Artificial Intelligence in Lung Cancer. Cancers '@\, :\f:
2022, 14, 1370. https://doi.org/10.3390/cancers14061370 [ OAH Al EIPoN AHA
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d EHR: Clinical Data C
Laboratory L Pathology
Tests M o Slides
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Data / Radiology Text Reports, Clinical Notes,
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Application of Al , .
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Avooo)\ovlcx Avixveuan kail Aiayvwaon
AobBevelwv

 [1a TNV avoooAoyia...

* N TN pmropei va evioTridel poTifa Kal avwHAAIEG TTOU OXETICOVTAI UE
OIAPOPEC AVOOOAOYIKEC AOOEVEIEC OTTWC O KAPKIVOG, Ol QUTOAVOOEC
QO0OEVEIEC KAl Ol AOINWEEIS

* AvaAuon lNeveTikwyv Agdopévwyv: H TN uTTopei va £6ETACEI YEVETIKEG
aAANAOUXiEG YIa va evTOTTIOEl HETAAAQGEIG TTOU OUVOEOVTAI UE
OUYKEKPIMEVEC AOBEVEIEC.

* [IpofAeyn EgEAIGNG AcBeveiwv: Me Tn guAdoyn Kal avaAuon
OeOOUEVWY a0BEVWY, Ol aAYOPIBUOI UTTOPOUV va TTPOSAEWOUV TNV
mBavn egeAign piag aoesvelag Kal va Bonérjocouv otnv TTpoAnwn n
EyKaipn TTapeupaon
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V 4 Y 4 I 4 L4 'W:\' EIAIKH MONAAA BIOIATPIKHE
iEE & g@%@gh AvoaooAoyia, Avixveuon kal Aldyvwon AcBeveiwy = g
S mee EeaToudikeupevn laTtpikn & Oepartreia -
* OEPATTEUTIKEC TTPOCEYYIOEIC, TIPOCAPPOCUEVWY OTIC AVAYKEC KAl TO

TTPOPIA KOBe aoBevoUcC... ue PACN YEVETIKA, WETABOAIKA Kal
TTEPIBAAAOVTIKA XOPOAKTNPIOTIKA

* Avatrtucn NEwv Qappdkwy: Taxeia avakaAuyn Kal avaTrtugn e
avAAuon OEOOUEVWY VIO TNV EUPECN OTOXWYV PAPPAKWY KAl TNV
TTPOLBAEWN ATTOTEAECHATIKOTNTAG & TTAPEVEPYEIWV

 [Ipoocappoyr OepatreuTIKWV MNMPWTOKOAAWV: Xprion aAyopiBuwyv yia
TTpocapuoyr) OocoAoyIwV BACEI ATOPIKWY AVAYKWY

« AvoooBeparTreia:; avarrtuecn avoooBepatreiwy, oTTwe Ta CAR-T
KUTTOPA, ETTITPETTOVTAC TNV TTPOCAPMOYI TOUG OTIC EIOIKEC AVAYKEC
KGBe aoBevouc Kail BEATIWVOVTAC TNV ATTOTEAECUATIKOTNTA TOUG.

S .
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* AvaAucon ATTEIKOVIOTIKWYV Aaéopavwv Xpnon
Al yia TNV €TTECEPYATIA AKTIVOYPAPIWY,
LayVNTIKWYV TOUJOYPAPIWY KOl UTTEPNXWYV, YIa
TTI0 aKPIRN d1ayvwaon ooTeoapOpITIdAC,
OO0TEOTTOPWONG K.A.

 [1p6BAewn lMNopeiag Nooou: Xpnon JOVTEAWV
TTPOLBAEWNC VIa TNV €EEAIEN TTABNOEWY, OTTWCG N
apBpiTIda, BACEl ICTOPIKWYV DEDOPEVWV.




EPFAYTHPIO MEDICAL S g

IATPIKHYZ PHNSICS ®  EIAIKH MONAAA BIOIATPIKHE

ONZIKHY + +DIGITAL EMBIEE | EPEYNAZ KAl EKMAIAEYSHE
B.RES.U

YHOIAKHY INNONATION RESU. | BIOMEDICALRESEARCH AND
KAINOTOMIAL LAB % EDUCATION SPECIAL UNIT
P e ) I bt A, .

Xpnon TN otn PeupaTtoAoyiremeey

* Aidyvwon Peupatikwv Madnoswy: cn: OME /| o
EpyaAcia mou uttoBonBouv aTn diayvwan S tagER /  SETOWAR

U

PEUMATOEIDOUC apBpiTIdAC, CUOTNUATIKOU
epUONUATWOOUC AUKOU Kal GAAWV
QUTOAVOO WV a0BeVEIWY HETW avaAuong
EPYOOTNPIOKWY ECETACEWYV KOl BIOOEIKTWV.

» Ecatouikeupeveg Oepatreieg: AAyopiBuol TN
TTOU OUVOUAOUV YEVETIKA OEOOUEVA E
KAIVIKEG TTANPOQOPIEG yia TNV TTPOBAEWN TNG
QVTATTOKPIONG O€ BEPATTEiEC.

=
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iy MePIKA TTOPAOEIYUATA EQAPPOYWV & =

o ] @ Snorkel Products  Soutonsv  Technologyv  Casestudiesv  Resoucesv  Compry~  [INEENN] cete
» Stanford’s Arthritis Al Project: , — f
xg\)r]on, MNXAVIKNG padnong yia Tnv avaAuan ,
KAIVIKWV OEO0UEVWY KAl EIKOVWV YIa TN SR

SIGyvwaon TnS apBpiTidac. [‘j}Wﬁ

https://aimi.stanford.edu/research/focal-areas/deep-learning-
computer-vision {abelchita ot scale

i =

Fine-tune LLMs

Manually labeling and curating data for Generic LLMs don't work well LLMs are extremely slow an
training or fine-and tuning models can enough for your domain-specific, expensiv
take person-months. Snorkel Flow high-value problems. Snorkel Flow Using Sn

enables you to develop higher-quality data empowers you to fine-tune LLMs LLMs into 1000x smaller and
100x faster. using your data, enabling you to cheaper models with the same or

build models you can trust. better accuracy.

Read the Wayfair Story

Read the Snorkel study

» DeepMind’s Musculoskeletal Models:
aglotroinan 1NG TN yia TN HEAETN TwV
Blounxavikwyv AEITOUPYIWY TWV JUWV Kal TNV
OTTOKATAOTAGN TPAUUATICHWV.

https://arxiv.org/html/2312.05473v?2
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O@eAN Kal INpokAnoeic Tnc Al otn
PeupaTtoAoyia kal MuooKkeAeTIKN YVEIQ

* OPEAN: BeAtiwon akpifelag didyvwong, ypnyopn avaiuon
OEOOMEVWYV, TTPORBAEYN TTOPEIAC VOO WYV, ECATOMIKEUMEVN
Oepartreia.

* [IpokANOEIC: ACIOTTIOTIO OEOOMEVWY, NOIKEC KAl VOUIKEC TTTUXEC,
QVAYKN EKTTAIOEUONC TWV IATPWV.

%

doi.org/10.2214/AJR.19.21117 0P [ AHALL o
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KAINOTOMIAL LAB Development and evaluation of a machine learning-based point-of-care %

E¢pappoyEG TNG TEXVNTAG VONHOGUVNG OTNV
maidlatpikn - MEVETIKA cUvOpoua
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screening tool for genetic syndromes in children: a multinational

retrospective study

Antonio R Porras, PhD 2 1. Kenneth Rosenbaum, MD - Carlos Tor-Diez, PhD « Prof Marshall Summar, MD

Prof Marius George Linguraru, DPhil 2 &=

(B) Facial morphology detection

Low-resolution face model High-resolution face models

B
R
Left eye h — Model
Image resampler |———— Subnetwork B.2 > . . >
h\ 4 instantiation
Model Right eye, mouth, : ‘ S
Subnetwork B.1 =B ;..\ ntiation and profile : \ hnd
4 Ly L -
3| Imageresampler ——{ SubnetworkB.2 ——p| Mode!
Nose instantiation

(A) Image standardisation

P Network A —| Image resampler

(C) Genetic risk estimation

———{ Network C

Risk of

A

P genetic
condition

Age, race or ethnicity, and sex

Porras, Antonio R., et al. "Development and evaluation of a machine learning-based point-of-care screening tool for genetic syndromes in children: a multinational retrospective study." The Lancet Digital Health 3.10 (2021): e635-e643.
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Eric ). Topol

Embryo Genome Voice medical
selection interpretation coachvia a smart K+
for IVF  sick newborns speaker (like Alexa)

Fig. 2 | Examples of Al applications across the human lifespan. dx, diagnosis; IVF, in vitro fertilization K*, potassium blood level. Credit: Debbie Maizels/

Inputs
s Social, behavioral
Ganomics and -omic layers
Biosensors
Immune system
Gut microbiome
» Anatome
Environmental
) Physical activity, sleep, nutrition
Medication, alcohol, drugs
Labs, plasma DNA, ANA
Family history
Communication, speech
» Cognition, state of mind
All medical history

World's medical literature,
continually updated

Virtual health quidance

Fig. 3 | The virtual medical coach model with multi-modal data inputs and algorithms to provide individualized guidance. A virtual medical coach that
uses comprehensive input from an individual that is deep learned to provide recommendations for preserving the person’s health. Credit: Debbie Maizels/

P~

®  EIAIKH MONAAA BIOIATPIKHE

E.M.BLE.E.

EPEYNAZ KAI EKMAIAEYEHE

BIOMEDICALRESEARCH AND
EDUCATION SPECIALUNIT

Table 3 | Selected reports of machine- and deep-learning
algorithms to predict clinical outcomes and related parameters

Prediction n AUC Publication
(Reference
number)

In-hospital 216,221 0.93"0.75*0.85*% Rajkomar et al.™

mortality, unplanned

readmission,

prolonged LOS, final

discharge diagnosis

All-cause 312 221 284 093 Avatiet al™

month mortality

Readmission 1,068 078 Shameer et al.™®

Sepsis 230936 067 Horng et al.™

Septic shock 16,234 0.83 Henry et al'™

Severe sepsis 203,000 0.8s5# Culliton et al™

Clostridium difficile 256,732 0.82+ Oh et al.®

infection

Developing diseases 704,587  range Miotto et al =

Diagnosis 18,590 096 Yang et al

Dementia 76,367 09, Cleret de
Langavant et al *

Alzheimer's Disease 273 09 Mathotaarachchi

{+ amyloid imaging) et al®

Mortality 26946 094 Elfiky et al.*

after cancer

chemotherapy

Dizease onset for 298 000  range Razavian et al’™=

132 conditions

Suicide 5,543 0.84 Walsh et al *=

Delirium 18,223 0.68 Wong et al™®

LOS, length of stay; n, number of patients (training+ validation datasats). For ALUC values:
*. In-hospital mortality; +, unplarned readmission; #, prolonged LOS; °, all patients; @,
structured + unstructurad data; ++, for University of Michigan site.

Nature Medicine | VOL 44 25 | JANUARY 2019 | 44-56 | www.nhature.com/naturemedicine
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Human driver monitors environmeant

i

MNo
automation

The absence of any
assisiive featuras
such as adaptive
cruisa control.

1
Drivear
assistance

Systams that halp
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spead or stay in
lane but leave tha
driver in control.

Humans and maching doctors

o]
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Now
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2
Partial
automation
The combination of

automatic spead
and stearing

control—for exampla,

cruise control and
lane keaping.

System monitors emvironmant
3 4
Conditional High
aufomation automation
Automated systams Automated systams
that drive and that do everything—
manitor tha no human backup

amvironment but
rely on a human
driver for backup.

requirad—but only
im limited
circumstances.

5

Full
automation

The true alectronic
chauffeur: retains
full vahicle contraol,
naeds no human
backup, and drivas
in all conditions.
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Fig. 5 | The analogy between self-driving cars and medicine. Level 5, full automation with no potential for human backup of clinicians, is not the objective.

Mor is Level 4, with human backup in very limited conditions. The goal is for synergy, offsetting functions that machines do best combined with those that
are best suited for clinicians. Credit: Debbie Maizels/ Springer Mature

Nature Medicine | VOL 44 25 | JANUARY 2019 | 44-56 | www.nhature.com/naturemedicine
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data annotation data cleaning identifying bias

synthetic data supervised learning retrospective
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self-reported data unsupervised studies
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data security
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Quantified Self initiative

-u-t u HH n "oae T4 n-

| %y, Quantified Self
=§‘ ;F:E::::_. nowle age thi IJ[Jr numbpe

Quantified Self is a collaboration of users
and tool makers who share an interest in
self knowledge through self-tracking.

AUTOEKTIMNON...
AuTO-pETPNON...
AuTtoyvwoaia...
..MEOW apIBuwv...
& TTOOOTIKWV PJETPHOEWYV TOU EQUTOU
), HOC GTNV KaBnuEPIVOTNTA

Technology for quantified-self
mnmmpesr oo 11 INAIVIAUal homes '
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Headbands

\ Sociometric badges
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Accelerometer
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Digital camera

Electrocardiogram
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Camera clips Electroencephalogram
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Smartwatches
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3- Oximeter

Sensors embedded in clothing Bluetooth proximity
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©
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Gaffar, Sharib, Addison S. Gearhart, and Anthony C. Chang. "The next Frontier in pediatric cardiology: artificial intelligence." Pediatric Clinics 67.5 (2020): 995-1009. REFERENCE SITE
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» Smart thermostat
» Ingestible sensor

= Wrist sensor
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Internet of Things

\ —J
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> Ingestible )
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/ sensor A
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Figure 1. Data Flow of Wearable Sensors and the Internet of Things.

Sim, Ida. "Mobile devices and health." New England Journal of Medicine 381.10 (2019): 956-968.
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Sim, Ida. "Mobile devices and health." New England Journal of Medicine 381.10 (2019): 956-968.
Bayoumy, Karim, et al. "Smart wearable devices in cardiovascular care: where we are and how to move forward." Nature Reviews Cardiology 18.8 (2021): 581-599.
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Mnyn: https://journalofbigdata.springeropen.com/articles/10.1186/s40537-019-0217-0
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: .Integrated cancer care for the older cancer champions based on . Y
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. . . Project consortium:
Main Objective: PO IoTE o a . o scumedialobs
Support Quality of Life of older cancer patients (breast, prostate, melanoma), after their treatment "<& /riiils S amTE )
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smart devices Smart scale

cancer patients’ data & offer
personalized care & advice plan



LifeChamps system — Edge sensors, H/W & other data
sources

SMART T-SHIRT

MOVESENSE

MOVESENSE

RPi acting as an edge device
that validates data and
forwards them for storage

Activity tracker for vital

b |
By

T =My
. e
4 r. M B

Motion sensors and
magnetic contact sensor for
presence monitoring and
extracting ADL patterns

signs, exercise and sleep Smart textile with movesense
measurements for measurement of ECG and Smart scale for measurement
IMU (accelerometer, of weight, BMI, muscle mass,
Gyroscope, Magnetometer) bone mass, water %
~ pe
-
) -

=

Power monitoring of
appliances for ADL pattern
recognition

This project has received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No 875329.

UV Index

UV Index API for UV
exposure measurement and
selected questionnaires
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This project has received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No 875329.
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Methodology - Data Preprocessing

1. Data Cleaning:

2,

2. Feature
Extraction:

(L

v

3. Data Balancing:

4. Standardization
and Normalization:

& lifechamps.eu

Removal of erroneous data
points

Aggregation to monthly
timeframe

Threshold > 15 days of
smart plug data

Imputation of missing
values

Addressed class imbalances
using SMOTE.

Ensured representative
training dataset.

Standardized features to
ensure equal contribution.

Normalized data to handle
different scales of
measurement.

164 PHQ4 answers from

patients with smart
plug

91 have observations

within the previous
month

53 have more than 15
days of observations
within the previous

month

Category

Activity Metrics

Sleep Metrics

Biometric Data

Body Composition

Behavioral Data

Demographics

This project has recelveddfundinglfsomsthe European Union’s Horizon 2020
research and innovation programme under grant agreement No 875329.

Iife}/chomps

Features/Digital
biomarkers

Steps, Active Minutes,
Calories Burned

Total Sleep Time, Sleep
Efficiency, Time in
Sleep Stages

Heart Rate, Resting
Heart Rate, Oxygen
Saturation

Weight, BMI, Muscle
Mass, Fat Mass, Bone
Mass

TV On/Off Status, Daily
TV Usage Duration

Age, Gender,
Employment  Status,
Cancer type

Description

Collected by Fitbit;
measures physical
activity levels and
energy expenditure.

Collected by Fitbit;
details about sleep
time and quality.

Collected by Fitbit;
vital signs indicating
physiological state.

Collected by Withings
smart scale; detailed
body composition
measurements.

Collected by Smart
Plug; captures
sedentary behavior via
TV usage patterns.

Basic demographic
information.
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hr_24h 042 020 006 013 0.03 002 0.04 012

hr_rest_daily_24h §y 013 -007 012 019 008 008 0.03 0.07

08

hr_sleep_2dh 013 -0.12 008 017 -0.07 -0.08 -0.07 -0.00 Violin Plot for naps (Not_Symmetric)

B Non-frail, n=773

hr_sleep_24h_min I Frail, n=352

-0.20 -0.14 400
0.6
hr_workout_moderate_zone_duration_24h

. Correlation Matrices

+ Dendrograms to
sort highly correlated 100
values

naps_count -0.20 -0.19

o
~

bed_time_24h DELR 031 037

sleep_24h 0.02 0.08 -0.08 -0.15 0.03 0.09 038 029

0.99

0.0

sleep_rem_24h 004 003 -0.07 -020 012 023 -0.15 -0.20

VES-13
target_name

sleep_rem_count- 0,12 0,07 -0.00 -0.14 018 023 -0.16 -0.19 0.38
- T — Variance calculation
zl z) :I EI 1 :| E g z| :l zk g
2> g 5 2 % @ g & |
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Analysis

workout_moderate_zone_duration_24h

. This project has received funding from the European Union’s Horizon
& lifechamps.e 2020 ? P 52

u research and innovation programme under grant agreement No
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Algorithm
Experimenting

In accordance with the
literature, we
experimented and
assessed the
performance of
multiple algorithms.

Classifier

In accordance with the
literature, we
experimented and
assessed the
performance of multiple
algorithms.

>~ LightGBM

Pattern identification
and prediction

During training, the
model learned to
recognize data
patterns for predicting
outcomes in new
patient data.




Interpretability / Explainability
Risk of frailty model

Feature Interpretation

Age ’..l I TITT)
Steps Taken in 24H (IQR) i oo
Average Heart Rate in 24H (kurtosis) ll LI |
Amount of minutes slept in 24H (in minutes, maximum) ll °
Percentage of bone mass (kurtosis) e |
PHQ-4 PROMS Questionnaire Score ° 1
Duration of deep sleep (in minutes, minimumj) e
Mass of body free of fat (kurtosis) ]
Coefficient of variation of deep sleep (CofVar) "
Sum of 173 other features { dipf . .
04 -02 00 02 04 06 08 10

SHAP value (impact on model output)

& lifechamps.eu

High

Low

Feature value

Iife}/chomps

KUpleg mapatnpnosig:

MeyoaAUTEPEG NALKIEG £XOUV LYNAOTEPN
enidpaon (SHAP) otn mpofAeyn piokou
gUTIABELOC

XapunAOTEPO EVOOTETOPTOMOPLOKO
gupo¢ (IQR) OTIG NUEPNOLEG METPNOELCG
Bnpatwv onNMaivel XOUNAOTEPN
METOPANTOTNTA  OTOV  QpPlOUO  TWV
Bnuatwy, To omoio ouvnBwg onuaivel
KaOloTiky {wn Kol €XEL MEYOAUTEPN

emidpaon otn  TPOPAsYn  plokou
EUTTAOELOC.

YYnAOTEPN KUPTWON TNG HNVIALOG
KAOTOVOUAC — KAPSLOKWY  TOAMWY,

LTTOONAWVEL OTL oL aoBeveig €xouv TNV
TAOoN va TopouvoldlouV TIEPLOCOTEPEG
QKPQLEG TIMEG €ETLOPOUVV TIEPLOTOTEPO
otn MPOPAEYN.

This project has received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No 875329.
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Predictive analytics
Local explainability using distribution

[
B * To (OTOYPOUUA  SEIXVEL TNV e e
Pr KOTOVOU  TWV  THWV VoG
biomarker Tic TeAsutaisc 30
o MEPEG. AUTA N KOTOVOWUN UTopsl |
VO OUYKPLOEl OTMTIKA ME TIG
““““““““ KXTOVOMEG TIOU XPNOLUOTOiNoE
—— —— TO TIPOYVWOTIKO HOVTEAO.
w::‘ p Viglin Plot for steps_24h (Not_Symmetric)
*  To TMPOYVWOTIKO HOVTEAO MaG Sivel TNV TPORAEYN b
so00
(Frail/mon-Frail) kot T 10 onuovTiKOTEPD .
biomarkers Ttou odrjynoav autr tnv TPORAEYnN. v o

This project has received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No 875329.
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Multiclass Classification

Multiclass Transformation of PHQ-4:
> categories (normal, mild, moderate,
severe) transformed into 3:
NO SIGNS vs
MILD SINGS vs
MODERATE/SEVERE SIGNS
of mental health issues

4 Fibit (sleep & HRV features)
™

Sensors/Features Used

fold mean)

Fitbit (complete) 0.62 (0.98)

0.53(0.92)

0.62 (0.93)

Smart plug 0.62 (0.95)

Smart Plug + Fitbit 0.59 (0.97)

Smart Plug + Withings 0.62 (0.95)

Smart plug + Fitbit (sleep & HRV JUCEN(0XE))
features)

Fitbit + Wihtings 0.56 (0.98)
‘his project has

esearch and inn 0.62 (0.96)

e m] m?2

Test F1 (10-

Test Precision (10-

fold mean)

0.58 (0.99)

0.52 (0.94)

0.58 (0.94)
0.58 (0.95)
0.58 (0.98)
0.58 (0.97)

0.51 (0.94)

0.53 (0.99)

0.62 (0.97)

Iierchomps

Test Recall

(10-fold
mean)

0.67 (0.97)

0.56 (0.93)

0.67 (0.94)
0.67 (0.95)
0.62 (0.97)
0.67 (0.95)

0.56 (0.93)

0.62 (0.97)

56
0.62 (0.96)
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EkOeon ZuppeteEYOvVTa

Ap1BU0g ZuppETEYOVTA:
Xwpa: EAAGSa (AptoToTéNeto MavemGTAL ®cooahovikng)
HAia:

Huepopnvia: Oktwpplog 2023

[ 4

W * X % This project has received funding from
Y : ** the European Union’s Horizon 2020
\ h O p S * * research and innovation programme
A | ( I I '

X & X under grant agreement No 875329.



Bnuata/Apactnprotnta

APIOMOX BHMATQN ANA HMEPA
Mua evepyr KaBnuepvoTNTA PMOPEL va onpaivel KAALTEPN mototnta (wnG.Avtiotpoa, n evnabeta ouvodeveTal ouVHBWE amnod

HELWPEVN OpaoTnploTnTA.
25,000
20,000
15,000

10,000

5,000

[la pua Kakn QuOoLKE) Kataotaorn, ol meploodtepol eviAikeg Ba mpenet va otoxevouv oe 10.000 Brpata tnv nuépa, evw
Alyotepa ard 5.000 Bripata propei anoteAovv €voeL€n KaBLoTIKAC (WAC.




'Yrivoc

AIAPKEIA YTINOY ZE AENTA ANA HMEPA (360 AEMTA=6 QPEX YIINOY)
H dldpketa Kat n motdtnTa ToL OTVOUL UTIOPOLYV Va ATIOTEAECOLY ONUAVTIKEG eVOEIEELC yia TUXOV AAAAYEC 0TNV TOLOTNTA {WAG
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Xwpic eodc, To LifeChamps
H2020 6¢ev Ba eiye tnv idla
enituyia, Kabwce anoteAgoate
TNV KwvNTApta duvvaun miow
amno auThv TNV EMIOTHUOVIKN
npoonadbeta.

Navaylwtng Mnapidne
Kabnyntnc, AtevBuvtiic Epyactnpiou latpikng
duoikic & Ynelakng Kawvotopiag
Tunua latpikne, IXoAn Emotnpwy Yyeiag, A.1.0.

Q¢ Emotnpovika Ynevbuvog Tou supwmaikol spguvntikol mpoypappatoc LifeChamps H2020 kat Atsvbuvtig
touv Epyaotnpiov latpikng duotkng kat Ynerakng Kawvotopiag AMO, Ba nBela, ek pEPOUC TNG EMLOTNHOVLKNG
Hag opadag, va oag ekPPAcwW TNV €LALKPLVA PAG EVYVWHOGUVA yla TNV APOciwon Kal CUPPETOXN 6ag oTnv
gpeuva pac. Eipaote suyvwpoveg mov emIAEEATE va POLPACTEITE TOV XPOVO Kal TIC EPMELpleg oag pali pag, Kat
yta tnv Bgppn @thofevia mov pag mpoopepate. Xwpi¢ eodg, to LifeChamps H2020 dev 6a eixe tnv idla
gmituyial

Ov mAnpo@opieg KalL n KAtavonon TOU AMOKTNOAPE HECW TNG CULPHETOXNG oag, KaBwg kat akopn 121
oLPPETEXOVTWY 0t 4 evpwraikéc Ywpes (EANGSa, Zounbdia, lomavia, IkwTtia), Ba €xouv €vav BTIKO AVTIKTUTIO
OTNV TPOoaywyn TnG EMLOTAWUNG Kat Tn BeAtiwon tng @povtidag vyeiag kat tng mowdotnTag (wng Twv
oLVaVOPWTIWY Pag OV AVTIPETWTIZOLY TOV KAPKivo.

Q¢ €vdel€n avayvwplong Kat emeldn o0a¢ BewpolUe LOOTIPOLC OULVEPYATEC OTNV OAN pag mpoomadelq,
TPAYPATOTIOLNCAKE TH CUYKEVTpWON Kat avalvon mAnboug dedopevwy kat mAnpo@opLwy oTnv mapovoa £Ldikd
Stapopwpevn yia Kabe cuppeTéxovta, €kBeon. Mpokeltal ywa éva mpwTo delypa TOU €yXELPNUATOC TOU
npoomnadovpe va vhotmotoovpe pali oag, XprnoLHomoLwyTac Tnv TeXVoAoyia we oUPPaxo, Kal og ouvepyaoia pe
Tov Bepdmovia LaTpo cag, o omoio¢ Ba cag e€nynost avaAutika TNV TANPOYOPIa TOU TEPLEXETAL OTIG
akoAoubec oehidec.

Yag svyaplotovpe gykapdia kat eAnidovpe OtTL Ba £xoups TN Xapd va ovvepyactoupe €ava oc PHEAAOVTIKEG
EPEVVNTIKEC MPWTOPOVAIEC. AlO TNV MAgupd pac deopsvopacte OTL Ba cuveXiocoupe va avamTUOCOUNE Kal
BeATiwvoupe to cuotnpa LifeChamps, mpokegévou va avtamokpivetal akopn KaADTEPaA GTIC AVAYKEG Kal TLC
TPOTIUNCELG TWV PEANOVTIKWY XPNOTWYV KAl laTpwy.

Eipaote ndvta otn 61aBeon cag yia omoladnmote mAnpogopia n epwtnon.

Me ekTipnon,
M. Mnapidéng
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&% T reTu)e 1o €pyo LifeChamps

To LifeChamps eoTiaoe otnv uttootApIcn TNG TToIOTNTAC (WG META TN BepaTTeia Kapkivou Kal Tnv dlEpelvnon UTTABEIAC NEOW

TTPOYVWOTIKWYV PJovTEAwV TexvnTAS Nonuoouvng (Al) XpnNOIMOTTOIWVTAG ETEPOYEVEIC TTNYEC OEDOPEVWV ATTO TOUG QOOEVEIC

(aicOnmpeg, EHR, epwtnuatoAdyia PROM, wearables, £éguttvec Cuyapl€c) Kal TO KAIVIKO TTEPIBAAAOV.

To £€pyo dnuIoupynoE:
WUuyOMETPIKA ACIOTTIOTEC ATOMIKEG METPNOEIC KAl CUVETTAKOAOUON CUUPBOUAEUTIKA TEAIKWV XpNOTWV

*  Ao@aAéc AttoBetripio Acdopévwy (Secure Data Warehouse)

« mHealth epapuoyn KivnTou yia TNV QUuTO-OIaXEIPION CUUTITWHATWY aTTd TOUG a0BEVEIC

* MpoBAerrTiIKAd MovTéAa yia Tnv TTo1I6TNTA (WG KAl TV EUBPAUCTOTNTA

« Big Data utrodopn yia Tnv avaAuon o€ TTPAYyUATIKO XpOVo PeyadAou dykou dedouévwy (Scalable Analytics Engine)

e 200TNMO AICONTAPWY YIa TNV TTAPAKOAOUBNON dpaCcTNPIOTATWY TNG KABNUEPIVOTNTAC

« Dashboard yia 1atpou¢ (TTapakoAouBnon deQ0PEVWY KAl ATTOTEAECHATWY avAAuoncg o€ TTTTEdO TTANBUOUOU, o€ ETTITTEDO
aoBgvoug, Kal OTTTIKOTTOINUEVWY AVAAUOEWV)

*  WYnoiakoug BiodeikTeg (Digital Biomarkers) trou oxeTiovral e TV TTOIOTNTA (WG KAl TV £U0pauoTOTNTA

* 2U0voAa dedopévwy (Datasets) yia Tnv povTteAotroinon TG ToIdTNTaC (WG Kal TNS EUuBpauUaTOTNTAC 3 CUVEXOUEVWY UNVWV Yia Eva
TTANB0¢ 140 KapkivoTTaBwv

«  ExmmaideuTikd UAIKO Kal EpwTNUATOAGYIA TTOIOTNTAG (WG TTPOCAPPOOUEVA OTOV YNPEIATPIKO TTANBUOUO YIa 4 EUPWTTAIKEG XWPES —
EANGOQ, lotravia, 2oundia kal ZKwTia (EpwWTNPATOASYIA, EKTTAIOEUTIKO TTEPIEXOMEVO, AOKNAOEIG EUAIOOBNTOTTOINONG, EVBAPPUVTIKA
MNvouaTta / OUPPBOUAEG).
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Better Decision-Making
for Better Outcomes:

a Call to Action on Harnessing
the Power of Real-World Evidence

u
dence: 1
Recent years have seen growing recognition of the role that data can V I e C e ] a C a

play in enabling not only better health system performance, but also

better health experiences and outcomes for patients - “outcomes that u

matter.” Real-world data (RWD), in particular, (i.e. routinely collected

data relating to patient health status or the delivery of health care from O r aC I O n
a variety of sources other than traditional clinical trials') is increasingly

recognised as a critical means through which to improve public health
as is the real-world evidence (RWE) that is derived from analysis of RW
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ICI/DX\T IZ) :EH% n +B'|—|C§|S+%E Al is on the rise, without a doubt. \(Vhat‘ worries me is ' EMBIEE \ Efgﬁ:ﬁfﬁﬁﬂg:ﬂﬁ
YHOIAKHY INNONATION that our empathy and focus on the patient is currently getting BRESU. | BIOMEDICALRESEARCH AND
KAINOTOMIALZ LAB worse - we are understaffed and are so busy with other things that % EDUCATION SPECIAL UNIT
serromeonramazsous I AooNE ST eSS patient care is often secondary. | am worried that with Al doing a ’
certain part of our job, such as triage, we will lose even more
patient contact and that everything will be dehumanized - like a
i factory! [...]

A medical student from Switzerfand.

My problem with quality healthcare in Africa, particularly in
Sub-Saharan Africa, is that it's too expensive, and it's only affordable
by the elites, leaving the poor masses almost completely out. Won't Al
be for just the rich?

A medical student from Nigeria. l 0 l

[...] Would our 10-year training have that much value, or
would it be easy to replace a doctor with some two-month trained
personnel as the accuracy of the programs increases? | feel we, as
students, are confused about our future role when Al is introduced.

TI TMiIoTevouv
Ol POITNTEC
IATPIKNC YIa |

T V I N withdraw developments that have already happened. Thus, we must
know about its drawbacks as much as about its benefits. [...]

A medical student from Germany.

A medical student from India,

Al should be a tool as much as a stethoscope is a tool
in medicine. It should guide diagnosis and management without
ever making the final call. A stethoscope never makes the
diagnosis of a heart murmur; neither should Al. It is important that
a human remains the final decision maker, as it is impossible to
hold a machine accountable.

A medical student from Canada.

Busch, F., Hoffmann, L., Truhn, D. et Al should be seen as a tool and not a substitute for

al. Global cross-sectional student survey on Al physicians. In the end, it will be a human doctor to make a

|n medlcal, dental’ and Veterlnary educatlon decision. You can never remove the human aspect of medicine. |@\ ,'\Z.
. . S o

and practice at 192 faculties. BMC Med A medical student from Portugal N
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[Tapaywyikn Texvntn Nonuoouvn

[EVETIKN...
Avayevvnrikn...
Anuioupyikn...
[lapayel TTEPIEXOUEVO
EIKOVEC, OKOUN Kal KWOIKA AOYIOUIKOU KATOTTIV EVTOANC

GPT-3, ChatGPT, Stable Diffusion, Google, Meta, Midjourney,
DALL-E tou OpenAl, k&
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ChatGPT

Ta "large language models”
aAva@PEPOVTAl O€ JOVTEAQ
TEXVNTAG vonuoouvng TTou
eKTTaIdEUOVTAI VIO VO
KATAvVOOoUV Kal TTapAayouv
PuUOIKN YAwooa. ‘Eva atro 1a
MO TTPONYMEVA JOVTEAQ
auToU TOU €idoug gival Ta
GPT-x
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H xpnon tou ChatGPT4 otnv r‘|ou<

 EpyaAgia Bonbou Atro@dacewyv

« ECatopikeupévn laTtpikn NMAnpopopnon
* Alaxeipion Xpoviwyv Madnoswv

e 2UNTTANPpWHATIKA AAANAcTTiOpOON | _ |
* [lpotrovnon Yneiakwyv YITnpeociwv YVEIGQ}@., @Q}??g}b )23
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« AVATTTUEN WnOIoKWV Oepatreitv 5 a7

 Katavonon kai EKpadnon Mnxavikwyv Maenolakwv
MovTéAwyv
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MTropei n Texvnt) Nonuoouvn va
QTTOTEAEI EVAV ETTOPKN 10TPO;

* [0 va €ioal «ETTAPKNAC» IATPOC APKEI VA €i0al KAAUTEPOC ATTO TOV
LOVAOIKO (OITNTN TTOU ATTOPOITNOE «TEAEUTAIOC» OTO £TOC OOU

* Av AafBoupe uTTOWN TNV KAUTTUAN KAVOVIKNG Katavoung, av n TN
gival KOAUTEPN ATTO TO JECO POITNTN, €ival KAAUTEPN aTro 1O 50%
OAWV TWV YIATPWYV

 [1000 Oiyoupol €iPAOTE YIA TV ETTITEUCN AAAWYV TITUXWYV TWV
ATTOQOITWV laTPIKAC, OTTWC TWV APXWYV TOUG KAl TNG NOIKNG;
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ChatGPT and Health Professions Education

Discipline ChatGPT
China
Entry Italy
USA

ChatGPT and Health Professions Education

Discipline ChatGPT

China
Entry ltaly
USA
China
Japan
Spain
USA
Clin Informatics
Cardiology
Rad Oncology
Specialty Boards Neurosurgery
Nuclear Medicine
Opthalmology
Plastic Surgery

Medicine - .
Licensing

Medicine

lewton and Xiromeriti (unpublished)

Rewton and Xiromeriti (unpublished)
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GPT-4 passes Medical Licensing Exams

GPT-3 does not

Discipline ChatGPT(3) ChatGPT(4)
China NMPQE (Japan, 2018 Req) (Kasai) [ L
NMPQE (Japan 2023 Gen}{Kasai) ] [ L ]
Entry |ta|\/ USMLE Step 1 (USA)(Kung)< ®
NILE (China 2022)(Wang){ °
USA NMPQE (Japan 2020 Gen){Kasai) [ ] »
- NMPQE (Japan 2018 GenNKasail{ [ ] L]
China NMPQE (Japan 2020 ReqlKasai) 4 ® ®
NMPQE (Japan 2023 Req)Kasai){ ® (]
NMPQE (Japan 2018 Gen){Kasai){ ® ®
Licen Sin Ja pa n NMPQE (Japan 2018 Req){Kasai| | ® >
9 Spain NWPQE (Japan 2021 Gen)Kasall{ ® °
pai USNLE (USA Gilson) *
NMPQE (Japan 2022 Gen)(Kasai){ [ ) [ ]
.. U SA NMPOQE (Japan 2022 Req}{Kasai|{ ® Y
Medicine ; - USMLE Step 1 (USA) (Gilson) [
Cl n Informatlcs JNMLE {Japan)(Kaneda] | Y
- NMLE (China 2021)(Wang) [ ]
Card|0|09y USMLE Step 1 (USA)(Nori) [ ] [ ]
NMPQE {Jggan 2021)(Kasai|{ ® [ ]
USMLE Step 3 (USA}iKung) - ®
Rad Oncology USMLE Step 2 (USA}Kung| - [ 4
q USMLE Step 1 {USA)(Neri) | [ ] ®
Specialty Boards Neurosurgery S oY AREONSEA ry
. USMLE Step 1 (USA)(Gilson) 4 [ ]
Nuclear Medicine MIR (Spain)(Carrasco] 1 [ ]
40 .30 20 -0 [ 10 20 30 40
OpthaImOIOQY Difference from Pass Mark
Plastic Surgery

Rewton and Xiromeriti (unpublished)

Rewton and Xiromeriti (unpublished)
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EPTAYXTHPIO MEDICAL ™
P @ PR DICS W L4 IONAAA BIOIATPIKH
I EKMAI

Xpnoeic NG Napaywyikneg Texvntnc Nonuoouvng otnv
laTpikr) EKTTaidsuon

AVATITUEN KOAUTEPWYV ETTAYYEAUATIWYV UYEIAC PJE TTEPICCOTEPN EUTTEIPIO KAI EUTTIOTOOUVN OTIC
1ATPIKEC TOUG decIoTnTEC!!
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H xpnaon tou ChatGPT4 agtnv €K'IT(]I5£UOT]
ETTAYYEAUATIWV UYEIQC

e 2UNTTANPpWHATIKA EKTTaidOEUON
« 2evapla MNepIoTATIKWY

* [lpooopoiWON ZUVEVTEULEWYV
* [loAUyAwoon Ektmraideuon
 Evnuépwon yia NopoBeoia Kai H9t<
e 2UVveXNC ETTayyeApaTIKA EKTraliSauan
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Pop Medicine > Pop Medicine
Patients, Doctors Fear Al in Medicine -- Should They?
— Worries and risks surrounding generative artiticial technology

by Robert Pearl, MD  July 5, 2023

Y .. ﬁ free 0.25 CME/CEA
Vouz

ART and CVD:

Bringing Science
to Practice

The sanctity of the doctor-patient relationship has always been a cornerstone of
modern medicine. It's a relationship rooted in trust, confidentiality, and mutual
understanding.
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[1pogoxn!

« OEV TTPETTEI VA AVTIKABIOTA TIC TTAPAdOCIAKEC NEBOOOUC
EKTTAiOEUONC N TNV AAANAETTIOPACN ME EIDIKEUPEVOUG

EKTTAIOEUTIKOUG, OAAA VA AEITOUPYEI WG EVA ETTITTAEOV EPYAAEIO
oTn O1a0e0nN TWV EKTTAIOEUOUEVWV.
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H xpnon tou ChatGPT4 otnv ekTaidguan aglevwyv

* MMapoxn NMAnpogopiwv

* 2UMBOUAEUTIKR UTTOOTAPIEN

« EKTTa10guTIKG MpoypdupaTa

* AlaAOYIK) ZUMMETOXA

* YrTooTnpign WYuxikng Yyeiag

* [lpowOnon Yyieivwy Zuvnodeiwyv
* [lpooBacipyornta Kal Mapoxn Yrnpeo
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YHOIAKHT _ & INNONATION
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[1poooxn!

* TTAPA TIC TTOAAATTAEC KOl WPEAIPEC E@aployEC Tou, To ChatGPT-
4 dev TTPETTEI VA AVTIKOBIOTA TNV €I0IKEUMEVN IATPIKI) GUPBOUAN,
dlayvwaon N Beparreia.

* H xprjon Tou oTnVv eKTTaideucn acOevwy Oa TTPETTEl va gival
OUMTTANPWUATIKA KAl TTAVTA O€ OUVEPYAOIA JE TOUC
ETTAYYEAUATIEC UYEIQC.
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Q1 gIkovikoi agBeveic atnv EAAGOQ

H latpikiy AT1© dnuioupynoe TOUG TTPWTOUG £IKOVIKOUC aoBeveic
oTnv EAAGDQ 0TO TTAQICIO dIAPOPWYV ETTIOTNMOVIKWYV
TTPOYPAUMATWV:

— mEducator: eupwTtraikd TTpOypaAPua (www.meducator.net)

— «Ap1advn»: Tpoypappa TG 1aTPIKNG AlNO (vp.med.auth.gr/ariadne)
— ePBLnet EU project: oupgpeTox TTOAWY TTAVETTIOTNMIWY TNG

EupwTtng kai TnG Agiag (www.epbinet.eu)
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Syncopal episode during exertion
in a young adolescent

0 Kwotag eival 17 eTwv kat naidel modoopatpo
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MTtropei o ChatGPT
va AUCEl Ta oEvapla;

TABLE 1: Correct answers versus Chat-GPT answers

X~
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N° OPTION 1 OPTION 2 OPTION 3 CORRECT ANSWER | CHAT GPT ANSWER
E: dn;te?iz:?:ttﬁé bed To continue with the [ Do not get out of bed
1 L schedule he would and wait for the OPTION 1 OPTION 1
oxygen satration in normally do symptom to pass
the blood Y yme P
Take his temperature -r:grﬁqoanlsbper:aiﬁ:his
2 |and take a dose of Call for an ambulance ‘y . OPTION 1 OPTION 2
. L saturation is
inhaled medicine )
satisfactory
Take only paracetamol
3 [Call his doctor because he does not Rest,. because he has OPTION 1 OPTION 1
. not high fever
have a high fever
Put on oxygen and .
4 |take inhaled Put on only oxygen Takg |_nha|ed OPTION 1 OPTION 1
. medicines only
medicines.
5 |Call his doctor Start antibiotics Stop taking oxygen OPTION 1 OPTION 1 Question
Waiting for his If oxygen saturation
6 |Call an ambulance 9 ) increases do not take OPTION 1 OPTION 1
symptoms to improve 1
any more measures
2
FIGURE 1: Percentage of correct and incorrect responses from Chat-GPT 3
4
Recount of Chat-GPT answers
5
6
7
1 (16,7%)
8
9
10

CORRECT

5 (83,3%)

INCORRECT

Answer

——
(g

® -
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To tpwTto EAANVIKO podcast Ttov £0TIAleL 0TV TEXVNTH vonproouvn. Kabe eBSopada, To podcast «Texvnth
Nonpoouvn: ZuvoptAwvtag pHe to MEAAov», Tou AAEEavdpou Kovtn, Oa mpoomtadsi va EekAs1dwoel Ta
HUGTIKA TNG ETUOTNHOVIKNAG EEEAIENG TTOU EXEL XAPAKTNPLOTEL WG N LEYAAUTEPN TEXVOAOYLKI] ETTAVACTAGH
META TNV avakdAuyn tou Stadiktuou. Me tThv urtoothpiin tng Netvalue.

16/ 10/ 2023

TEXNHTH NOHMOZIYNH

ZYNOMINQNTAZ ME TO

,:” seetse To ChatGPT Sivel laTpIkEC CUMPBOUALG, Kat EENYEL TTWG

Al Yysia

UTTOPEL va CUPBAAEL OTHV AVAKAAUYN VEWV

dapuakwv. O kabnyntng Touv AMO, Mavaylwtng

MTtapidng meptypadELl TIG ATIOTUXIES TIOU EXOUV

ONUEWOEL ANAA KAl TNV TIPOOTITIKI) TIOU AVOLYEL N

TEXVNTH VONUOGUVN OTOV XWPO ThS LYELQG.
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Al could worsen healthcare inequalities {1)¢

UK minorities, study finds

By E&T editorial staff

Al could help to tackle widespread disparities in the UK's healthcare
system if implemented properly, but it could actually widen health
inequalities experienced by minority ethnic groups if not, researchers from
Imperial College London (ICL) have said.
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- Al BIAS
Real world patterns of health Discriminatory
inequality and discrimination data

® 8 &

Unequal access Discriminatory Biased clinical Sampling biases and Patterns of bias and

and resource healthcare decision World — Data lack of representative  discrimination baked

allocation processes making I datasets into data distributions
Application U Desi Biased Al design and
injustices S6.-4=Lesign deployment practices

Y m Ta

O % %
Disregarding  Exacerbating global Hazardous and Power imbalances in Biased and exclusionary Biased deployment,
and deepening health inequality and discriminatory repurposing agenda setting and design, model building explanation and system

digital divides rich-poor treatment gaps of biased Al systems problem formulation and testing practices monitoring practices

https://www.weforum.org/agenda/2021/07/ai-machine-learning-bias-discrimination/
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Science Current Issue  First release papel

Achieving fairness in medical devices

ACHUTA KADAMBI

Bias in medical devices

Adevice can be biased if its design disadvantages certain groups on the basis of their physical attributes,
such as skin color. For example, pulse oximeters (see the photo) detect changes in light passed through skin
and are less effective in people with dark skin. Computational techniques are biased if training datasets

are not representative of the population. Interpretation of results may be biased according to demographic
groups, for example, with the use of “correction factors.”

Physical bias Computational bias Interpretation bias
i D\&’l O\O\O\Q %] 5%
Imbalanced dataset Q\ a
. _ - -
OO = | |
P 288000 L
Balanced dataset

Kadambi, Achuta. "Achieving fairness in medical devices." Science 372.6537 (2021): 30-31.
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Perspective | Published: 12 April 2023

Foundation models for generalist medical artificial
intelligence

Michael Moor, Qishi Banerjee, Zahra Shakeri Hossein Abad, Harlan M. Krumholz, Jure Leskovec, Eric J.
(]

Topol ™ & Pranav Rajpurkar

Nature 616, 259-265 (2023) | Cite this article

145k Accesses ‘ 97 Citations |693 Altmetric | Metrics

Abstract

The exceptionally rapid development of highly flexible, reusable artificial intelligence (AI)
models is likely to usher in newfound capabilities in medicine. We propose a new paradigm
for medical Al, which we refer to as generalist medical Al (GMAI). GMAI models will be capable
of carrying out a diverse set of tasks using very little or no task-specific labelled data. Built
through self-supervision on large, diverse datasets, GMAI will flexibly interpret different
combinations of medical modalities, including data from imaging, electronic health records,
laboratory results, genomics, graphs or medical text. Models will in turn produce expressive
outputs such as free-text explanations, spoken recommendations or image annotations that
demonstrate advanced medical reasoning abilities. Here we identify a set of high-impact
potential applications for GMAI and lay out specific technical capabilities and training
datasets necessary to enable them. We expect that GMAl-enabled applications will challenge
current strategies for regulating and validating Al devices for medicine and will shift practices

associated with the collection of large medical datasets.
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Perspective

Muhimadal sef-supesrvised training

8]
) !

b A " -9 N
joations. | | : ] e it l | (=)
Sl ) \h‘i!i'x u!i,“ ‘ ) -\g- .

Chatbats for Inberactive Augmented Grounded Text-ta-probein Bedside decision
pati=nts nate-taking procedures radickagy reporis generation support

Muitimodal inputs
and outputs
Reasoning with multiple Dynamic tnsk specification
knivaledge sources

Regulations: Application approwal; validation; sudits; community-bessd challenges; analyses of biases, faimess and divensity

Flg.1 |Overview of 2 G Al model plpeling. 3, AGMAl model is trained on out tasks that theuser can specifyin real time. For this, the GMAl model can
multiple medical data modalities, through techniques such as self supervised retrieve contextual information from sources suchas knowledge graphs or
leaming. To #nable flexible interactions, data modalities such asimages ordata  databazes, leveraging formal medical kmowledge to rezs on about previously
from EHR= canbe paired with language, eitherinthe formoftextor speechdata.  unseentasks. b, The GM Al model builds the foundation for rumerows

meext, the GMAl model needs to access various sources of medical knowledge to applications across clinical disciplines, each requiring careful validation and
carry cut medical reasoning tasks, unlocking a wealth of capahilities that can regulatory assessment.

beusedin downstream applications. The resulting GAl model then carries
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