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Umela inteligencia a

- medicina

- anestézia, perioperacna medicina
- intenzivna medicina; sepsa

- urgentna medicina

Zariadenia, roboty

Perspektivy

Zaver




Nazory na umelu inteligenciu

Luc Julia
Umela inteligencia neexistuje

Toby Walsh
Superinteligencia v roku 2062




Entretien avec
Luc Julia
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LlIntelligence

N, artificielle
n’'existe pas

g cocréateur de Sirl

- |
déconstruit le mythede 'JA !

Umela = rozsirena (augmented) inteligencia



0001{ Homo digitalis .. |11

-
~l

0002. Das Ende von{uns|...

0003. Das Ende des|Bewusstseins: sxv

-

0004. Das Ende deg Arbeit ... 115

0005. Das Ende des|Krieges ...[147

0006. Das Ende derl menschlichen Werte|... 173

0007. Das Ende der[Gleichheit ). 207

0008. Das Ende der Privatsphare|... 233

A1
(¥ |

0009. Das Ende defPolitik .]. 25

o
oy |

]
L

0010. Das Ende des Westens | ..

0011. Das Ende ... 289



May 11th, 1997 |
Computer won world champion of chess
| (Deep Blue) (Garry Kasparov)
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2011: Jeopardy!
Ken Jennings, 74 vitazstiev
Brad Rutter, vyhral 3,25 milionov $
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DeepBlue
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Go ma svého boha: umeéla inteligence porazila
nejlepsiho hrace sveta 3:0 Google

Software AlphaGo si poradil s nejlepSim hracem go soucasnosti. V sérii na dva vitézné
zapasy zvitézil celkem jednoznacné, jednotliva stietnuti byla presto zajimava.

Google
DeepMind

Reklama




Za dva tydny nejlepSim hracem. Umela
e =
inteligence porazila mistra v DOTA2 E_lﬂn“"mm:sk

Hracdi trénuji mésice.
Umeéla inteligence se
za dva tydny stala mistrem.



Asistentky

What can | help you with?

Siri — Apple

Cortana - Microsoft

Google home - Google




Google preklad — 17.4.2017
Neuronove siete

Google

Preklada t o

slovencina  anglictna  taliancina  rozpoznany jazyk - o anghiting  slovencing  tabancina - h i i
Google v aprili 2017 zBEal prekladat’ s pouFtim umelesj inteligencia, teraz uF aj v x In April 2017, Google began to franslate with the use of arificial intelligence, now also
slovendine n Slovak




10.9.2017 20:54 | Veda

Umela inteligencia dokaze urcit sexualnu

orientaciu

Male

Nova studia zo Stanfordskej univerzity prinasa zauji
sexualnej orientacie.

Martin Sabol : e 2 : :
Vedci zo Stanfordu ponukli novy pohlad na ludsku sexualitt

000 fotografii tvari a na ich zaklade vybudovali umelt Inteli¢

Compesite beterosesual foces

Composie gay faces Avernge Dow! lndnerks

Zdroj. Stanford

Deep Neural Networks Are More Accurate
Than Humans at Detecting Sexual Orientation
From Facial Images

By Michal Kasinski, Yilun Wang

Jowmal of Personality and Social Psychology. February 2018, Val. 114, lssue 2,
Pages 246-257.

Orgamzational Behavior



Uméla inteligence se rozviji netusenym tempem.
Vyhra v go ani samoriditelna auta vlibec neméla byt

/ s1veh inteligenci,
Cina predstihne Spojene staty ve vyzkumu umelyrh intelig

varuje think-tank “@

Umela inteligencia vo Worde? Umela |ntellr~ Q( .<n opravovat’
gramatické chyby, ale pomahat’ bude - 6 9

Umelq inteligenciy
na sledov-
0\ 11€POUZiva iba Cing ale aj d'algich 75 kr,
ajin
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N b & tolj 5 Mat vysokeé IQ nie je med lizat: Tieto

eor « Inteligencia probléemy zazivaju iba [udia s
* ~aze vierohodné falos$né nadpriemernou inteligenciou

Spr Afaatitvoou. Vasto 3 mysha & predporiadgi,

Ze vd'aka svojmu intelektu maju rah3i Zivot,
ze mnohé veci su pre nich ovefa
jednoduchsie. Nie je to viak tak, ako sa moze
na prvy pohlad zdat. Nadpriememe
inteligentnych Fudi casto trapia mnoheé
problémy. Viete, akeé s tie najcastejSie?
Mozno vam niektoré z nich budu dobre
zname.




Co sa dialo a deje

Moorov zakon: dvojnasobok kazdych 18 mesiacov
(kapacita diskov, pocet tranzistorov, vypoctova rychlost
mnozstvo ukladanych udajov, pokles ceny)

o The accelerating pace of change...
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Co sa dialo a deje

1. Pocitace — mensie, rychlejsie, lacnejSie; GPU

2. Softver vykonnejsi

3. Uloziska dat; cloudy

4. Internet + socialne siete, networking, IoT

5. Digitalizacia + Big Data

6. Miniaturizacia - senzory ako mikrocCipy, tatoo, IoT

Eas na umeld inteligenciu



Co je umela inteligencia?

Inteligencia ... Ludska vz. strojova

Zariadenie/program, ktory dokaze imitovat’
rozmysl'anie l'udi: -ucit’ sa, -uvazovat/, -chapat,
-riesit’ problémy, -samostatne hl'adat’ sposoby, ako sa
-dostat’ k ciel'u

Augmentovana inteligencia — rozsSirujuca
- strojove ucenie, inteligentné algoritmy...
Smart zariadenia

John McCarthy (1950): As soon as it works no one calls it Al
anymore".



Tri Grovne Ul

1. ANI (Artificial Narrow Intelligence) -
specializovana,
zvlada jednu konkrétnu ulohu
(smartfon - mala velka zbierka ANI)

2. AGI (Artificial General Intelligence) - na vrovn/
cloveka - zvlada vsetky ulohy, ktoré zvlada aj Clovek.
Teoreticky je to spojenie mnohych ANI do jednej

3. ASI (Artificial Super Intelligence) - naprieC
vSetkymi oblastami mudrejsia ako Clovek

Singularita = ASI



Co je za tym? Imitacia

Umelé neurdnové siete

- hlboké ucenie
- data mining

Big data
- tera, peta, exa, zetta, yotta (1024)




ARTIFICIAL INTELLIGENCE

Programs with the ability to
learn and reason like humans

MACHINE LEARNING

Algorithms with the ability to learn
without being explicitly programmed

DEEP LEARNING

Subset of machine learning
in which artificial neural
networks adapt and learn
from vast amounts of data




Strojové ucenie

Jednoduchsie, linearne problémy
Statistické programy

Random forest model

- Fuzzy logic

- Cox proportional hazards model

- Regresna analyza

Hlbokeé strojove ucenie (ako clovek)
- umelé neuronoveé siete



Umelé neuronoveé siete (ANN)
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Hiboké neuronovée sete
Hlboké ucenie (deep learning);

Deep Neural Network

Output Layer

Input Layer

Hidden Layer 1 Hidden Layer 2 Hidden Layer 3

edges combinations of édges object models



TYPES OF MACHINE LEARNING

MACHINE
LEARNING

SUPERVISED UNSUPERVISED REINFORCEMENT

Task driven Data driven Algorithm learns to
(Regression / Classification) (Clustering) react toan
environment

SOURCE: ANALYTICS VIDHYA




Strojoveé (hlboké) ucenie

1. Ucenie pod dohladom (s ucCitelom)
(supervised learning); vstupné + vystupné informacie

2. UcCenie bez dohl'adu (bez ucitel'a)
(unsupervised learning); ziadne informacie iba subor

3. Ucenie s Ciastocnym dohl'adom
(semisupervised learning)

4. Ucenie s posilnovanim
(reinforcement learning); ucenie chyba/omyl



Learning From Experience
Deep neural networks learn by adjusting the strengths of their connections

to better convey input signals through multiple layers to neurons

associated with the right general concepts.

INPUT:

Image
broken
into pixels Layer 1 L2 L3 L4 L5
Pixel Edges  Combinations Features Combinations
values identified of edges identified  of features

detected identified identified



S dohl'adom

STEP| STEP2

Provide the machine learning algorithm cafegorized or Feed the machine new, unlabeled information to see if it tags
“labeled” input and output data from to learn new data appropriately. If not, continue refining the algorithm

TYPES OF PROBLEMS TO WHICH IT°S SUITED

+ CLASSIFICATION

Sorting items
+ = o | intocategories

REGRESSION

L

) A “NOT CATS™ |delrltif'i|ring

real vaiues
‘*1:_:" — MACHINE %/ MACHINE . . {dollars, weight, etc.)
N —— J

STEP|

Provide the machine learning algorithm uncategorized, Observe and learn from the ;
unlabeled input data to see what patterns it finds patterns the machine idenfifies TYPES OF PROBLEMS TO WHICH IT'S SUITED
J p—q l ﬂD;L m | - m CLUSTERING
. _Liiu oo Identifying similarities
- @ in groups

SIMILAR GROUP | For Example: Are there

patterns in the data to
indicate certain patients
will respond better to this
treatment than others?

/) /) — ANOMALY
g n( P—4 ) SIMILAR GROUP 2 El:EnLEEEa?mNormalltles
in data

For Example: |s a hacker
intruding in our network?

4@5 AR = MACHINE MACHINE @D %ﬂ .J




S posilnovanim (Reinforcement)

/Environment

.@ e. -50 points

\ws vE
/

G Observe

Select action
using policy

9 Action!

Get reward
or penalty

Update policy
(learning step)

Iterate until an
optimal policy is
found



pata, data, data data ... Yotta data

UI sa uci pomaly na prikladoch a vyzaduje vel'ky pocet udajov
Big data

- vel'ky objem

- rOzne zdroje

- heterogenita (Cislo, text, obraz, zvuk, el. signal...)

- rychlost’ vzniku a prenosu

Ako ich spracovat? s X'B};
Ropa 21. storocia AMWIIES

Databazy: . |

zy: [] AT ASIUR i
-¢vicha = uwg AR I B

- testovacia databaza

H[N’URKS



Medicinske (mega) data rs =

1. Chorobopis, digitalizovany — EHR
2. Udaje z pristrojov, monitorov (on-line),
nositel'nej elektroniky, socialnych sieti
3. Zobrazovacie metody
4. Laboratodria, genomika, mikrobion...
5. Vysledky (observacnych) studii, medicinska literatura

Medicina: data science podporovana lekarmi

Lekar: klinicky data scientists (+vedomosti, mudrost’)
interpretacia - kauzalita, validacia



Growth in \ \\
healthcaredata

| exabyte = | billion gigabytes =

To put that into perspective,
data centers globally will only
have enough room for an estimated

985 exabytes by 2020—

7 = : ; meaning that almost two and a half times
® ) ~ e—— ? 4 v A this capacity would be required to house
2613 : all the healthcare data.

®

153

EXABYTES

DATA STORAGE VS MEDICAL DATA (2020)
MEDICAL DATA GENERATED

s 2,314
EXABYTES

5

2020
2,314

EXABYTES
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tera, peta, exa, zetta, yotta

https://www.visualcapitalist.com/big-data-healthcare/


https://www.visualcapitalist.com/big-data-healthcare/

Data a (intenzivna) medicina

Databazy

- benchmarky, narodné registre
- observacny vyskum, prediktivhe modely

Electronic heath record (EHR)

MIMIC III (MIT, Boston), BIDMC ICU 5x populacia
- kompletné data
- 53 500 hospitalizacii; dostupné na poziadanie

eICU - Collaborative Research Database (Philips)
- 128 nemocnic, dostupné na poziadanie

Data mining, clustering, sekundarne analyzy



Tests

= Microbiology

= Provider order entry (POE)

Billing

=1CD9

*DRG

* Procedures (CPT)

Demographies

» Admission/discharge dates

« Date of birth/death

» Religion/ethnicity/marital status

Notes and reports

= Discharge summaries

= Radiology (X-ray, CT, MRI, Ultrasound)
= Cardiology (ECHO, ECG)

External

e |

MIMIC 111
Boston

| De-identification >

www.nature.com



Data - nestacia

Organizovat’ — strukturovat’ — analyzovat’ - pouzit’
Udaj = informacia = vedomost’' = mudrost’

Zmysel, uzitocnost’, hodnota, relevancia pre konkrétnu
potrebu, situaciu, kontext

Mudrost’: jedinecna pre Cloveka?

7 connectedness wisdom
Hod'te to do Watsona 3
understanding
principles
knowledge
— understanding
S { : L= - /NPMQ
! g L |
GBS === information
. understanding
relations

data > understanding




Get Data Train Model Improve

Clean, Prepare Test Data
& Manipulate Data
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Zber, uchovanie, spracovanie, vyber dat, klinicka
otazka/kontext, model, analyza, vizualizacia, interpretacia,
korelacia vz. kauzalita, rozhodnutia

Heterogenita - Standardizacia, harmonizacia
Spravnost’, kompletnost’

Prenositel'nost’, extrapolacia

Kultdrne rozdiely, organizacné rozdiely

Ochrana sukromia, etické a legalne problémy; GDPR, aj mimo
Europy, regulacie

Anonymizacia/explicitny suhlas, dobrovol'né zdiel'anie
Komercionalizacia udajov
Otvoreny pristup



ARTIFICIAL INTELLIGENCE

VISION

SPEECH SPEECH

1O TEXT

MACHINE LEARNING MACHINE
VISION IMAGE

RECOGNITION

DEEP LEARNING

NATURAL LANGUAGE
PROCESSING

TEXT

GENERATION
2 QUESTION

ANSWERING

CONTEXT
EXTRACTION

TRANSLATION

CLASSIHC
ATION



Medicina - vyzvy

Trojity ciel”:

1) kvalitna a

2) bezpecna starostlivost,

3) ekonomicky udrzatelnym spbsobom.

Kvalitny vysledok (zdravie), bezpecnost’ (minimalne
iatrogénne poskodenie), spokojnost’ pacienta
Spokojnost’ zdravotnickeho personalu - prostredie,
produkcny tlak, nedostatok personalu, riziko vyhorenia...



UI - schopnosti

Analyzovat’ strukturované i nestrukturovane data z databaz
- vSetky digitalizované data (EHR, obrazy, signaly
Z pristrojov, vysetreni...),
- napisany text (chorobopis, odborna literatura)
s tvorbou suhrnov
- hovorenu rec (prevod na text)
- zvuky (digitalny fonendoskop),

V datach hl'adat’ savislosti (data mining, clustering)
Stratifikacie, predikcie (prognozy)

Riadit’ pristroje, sucastou robotov (podpora manualnej zlozky
cinnosti)

UCit’ sa a zdokonal'ovat'.



UI - moznosti

Individualna, presna medicina

Era ,,nomics" (genomika, proteomika, metabolomika, mikrobio-
mika, nutrigenomika) - racionalna individualizovana precizna
medicina

Odbremenenie lekara od rutinnych cinnosti (posudzovanie
normalnych nalezov, administrativa...)

Zlepsena diagnosticka a lieCebna presnost’
Prevencia omylov, vytrvalost’, rychlost'...,
Uspora nakladov

Lekar/sestra sa budu viac venovat’ priamo pacientovi.

Podpora klinického rozhodovania (kognitivnej zlozky Cinnosti) -
~kognitivny asistent™.



MACHINE INTELLIGENCE LANDSCAPE
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UI a AN IM UM KPR AL P

Co potrebujeme riesit’?
Spokojnost’ pacienta

- vysledok (kvalita)

- bezpecnost’ (omyly)
Spokojnost’ lekara

- nedostatok Casu, personalu, produkcny tlak...
Perioperacna medicina

Naklady

Ma tu miesto UI?



1. Anestézia / perioperacna medicina

Lekar: kognitivha / manualna Cinnost’

Technologie: monitory, pracovné stanice, ventilatory,
pumpy, informacné systémy ...

Perioperacné obdobie (multidisciplinarny tim)
UI: 1. podporné kognitivne systémy/rozhodovanie
2. automatizovana anestezia

Lekar: sustredenie na: ,vyssie™ klinické rozhodovanie
pacienta



1.2 POM - predoperacne

Predanestetickeé vysetrenie:

- identifikacia/stratifikacia rizik

- predikcia komplikacii

- Uprava stavu pacienta, anestézie

- zlepsenie vysledku (bezpecnost’)

UI: pozna pacienta, ale aj

retrospektivne Udaje o danom type pacienta, operacii,
rozhodnutiach anestézioldga, komplikaciach, pooperacnom
priebehu (vysledku) (big data)

UCi sa z mnozstva podobnych pripadov

K dispozicii databazy, EHR, resp. ,precitanie® chorobopisu
Postup ,,Bottom-up" — z dat sa tvoria predikcie



Predanestetickeé vysetrenie

Automaticke UI
Digitalny dotaznik 1. Digitalny dotaznik
Stanovenie perioperacného 2. Stratifikacia rizika s ML, navrh
rizika na zaklade udajov postupov, ktoré optimalizuju
o pacientovi + EBM vysledok na zaklade minulych

pacientov

Rozhodnutie na zaklade 3. Rozhodnutie na zaklade
klinickej skusenosti a klinickej skusenosti a

dat zo systému odporucani algoritmu



1.2 POM - peroperacne

Adaptivna a integrujuca povaha ML

Integracia viacerych vstupov, v realnom case
Predikcia intraoperacnych prihod (TK, oxygenacia...)
Klinické odporucania

Automatizovany systém anestézie (autopilot)

- Mayo a Bickford 1950, McSleepy 2010, Sedasys 2015



Prediction of Bispectral Index during Target-controlled

Infusion of Propofol and Remifentanil (ANESTHESIOLOGY 2018; 128:492-501)

A Deep Learning Approach

Hyung-Chul Lee, M.D., Ho-Geol Ryu, M.D., Ph.D., Eun-Jin Chung, M.D., Chul-Woo Jung, M.D., Ph.D.

i P
TIVA: propofol + remifentanil (TCI) Eﬁ“
BIS: predikcia verzus skutocna hodnota ;%‘?:: @
1. FK + FD modely (Schinder/Minto) e e j
2. Metoda hlbokeho ucenia ¢ e e
- long short term memory (koncentracie) I
- feed forward neural network (demografia) fjé

Ziadna znalost’ FK a FD —
ale 2 miliony udajov (big data) z pump a BIS

Umela inteligencia bola lepsSia



PK/ P_D model vZ. UI

\.'1-. "'

FK/FD: distribucia, eliminacia, synergia, vplyv tela ....
Vieme simulovat’ najrozlicnejsie situacie, extrapolovat’
UI: FK/FD nepozna, urci len to, ¢o sa naucila.

Velka odchylky od tréningu - problém

Preto — naozaj VELKE Udaije

Celosvetove masivne databazy (internet, cloudy)

FK a FD zatial’ potrebujeme, ale.... didissiie:
wlatahase.;

ETE o o iy gt
T'MEEIEM[H!QH- -
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Spanok, awareness
Mozog — jeho funkcia ::;3"ﬁ-fu*f.__.-f"-u»»r*“-’»-“"‘wu’““Umﬂr“"“’“wi
Co meriame?
Optimalizovat’ ,hibku®, cognitive impairment
Predpoklad automatickej anestézie

Analyza EEG (delta, theta viny, power spetrum ...)
Al je tu! Rychle sa uci

i
1
&0 u




JAm Med Assoc. 1950 Nov 25.144{13):1081-3.

1. Electroencephalographically controlled anesthesia in abdominal surgery.
MAYD CW, BICKFORED RG, FAULCONER A Jr.

3. SEDASYS robotic anesthesiologist
approved by FDA

By Frank Tabe | September 29. 2013

domoa
Trw FL y approved SEDASYS, & miew robotnc device 'T
2. First all-robot surgery performed o e e e e

at M CG i I I U n ive rsity 2 O 1 O :JL‘E u:l. a_u:f a:v:_: f::-SI auf IR Jt-::'-sss =ted device that







Intenzivna medicina — optimalne prostredie
pre Ul

Nestabilni, kriticky chori pacienti, MOF; neistota

Prostredie s ,,big data" (popisy, monitory, laboratoria, obrazy...)
Heterogenita pacientov, ochoreni

Viacero lieCebnych postupov (lieky)

Zlyhavanie rozsiahlych RCT, odporucania?

Realita: postup podla skisenosti, instinktu...
Variabilita



ICU a UI

Najst’ komplexné vztahy v (big) heterogénnych datovych
suboroch

Analyza udajov z pristrojov v realnom case (on-line)
Predikcia rizika, priebehu, vysledku (alarmu)

Podpora klinického rozhodovania (kognitivny asistent)
Odporucania pre diagnozu a liecbu

Personalizacia mediciny (precision, personal)



Personalizovana, precizna medicina

Populacia vz. individuum

Dnes: genomika, proteomika, metabolomika, mikrobiomika,
nutrigenomika ....

Fenotyp choroby, odpoved' na liecbu

Kriticky chory pacient:
- Analyza big data + on-line data - podrobnejsi pohl'ad

na pacienta
Dynamic clinical data mining (DCDM) e
Diagnosticka a liecebna presnost’! &

Klinicky prinos!



Sepsa/septicky sok L We recon

Medicinsky urgentny stav
- I.M., NCMP, polytrauma...

Nemocnice: vcas rozpoznat' (skrining), predvidat’

Hour-1 bundle
- okamzite zacat’ konat’
- laktat, hemokultivacia, AB, tekutiny, vazopresory...

Stratifikacia rizika
Prognostické faktory
EBM manazment?

WWW.SUrvivingsepsis.org
Rhodes A et al. ICM 2017



Computers in Biology and Medicine 115 (2019) 103488

Contents lists available at ScienceDirect

4 Computers in Biology and Medicine
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EIL.SEVIER journal homepage: http://www elsevier.com/locate/compbiomed

Clinical applications of artificial intelligence in sepsis: A narrative review

M. Schinkel ', K. Paranjape ', R.S. Nannan Panday %, N. Skyttberg”, P.W.B. Nanayakkara®"

* Section Acure Medicine, Deparmment of Internal Medicine, Amsterdam UMC, VU University Medical Center, De Boelelaan 1118, 1081HZ, Amsterdam, the Netherlands
® Department of Learning, Informatics, Management and Ethics, Health Informatics Gentre, Karolinska Institutet, 171 77, Stockholm, Sweden

15 clankov - predikcia
patogén
liecba
prognoza

ED, ICU
Sl'ubny prinos — lepsSie ako klasické metody



Specific types of artificial intellisence models.

Author Year Type of Type of model
I )
Delahanty 2019  Supervized Gradient-boosted tree model
Dezautels 2016  Supervised Gradient-boosted tree model
Mao 2018 m Gradient-honsted tree m.
Fam 2017  Reinforced Long zhort-term memory
Eaji 2019  Reinforced Neural Network
MNemati 2018  Supervized Modified Weilbull-Cox proportional
hazards model
Taneja 2017  Supervised suppoart Vector Machine
Van 2018 | Beinforce Long short-term memory neural
Steenkiste networs
Consivalai 2018  Supervized Random Forest Model
Crrbowzki 1996  BReinforced Artificial Neural Network
Taylor 2016  Supervised Random Forest model
Aushev 2018  Supervized Machine Leaming
Meiring 2018  Reinforced |Deep Leaming Made
Jaimes 2005  Reinforced Artificial Neural Network
Garrcia-Gallo 2018  Supervized Stochastic Gradient Boosting
Fomaorowski 2018  Remforced Markov decision process
Merouani 2008  Reinforced Fuzzy Logic
Shimbukuro 2017  Supervized Machine learning
Henry 2015  Supervised Cox proportional hazards model
Ward 2017 Supervized Causal Probabilistic Netwaork

Schinkel, Comput Biol Med, 2019



Diagnoza

Author, year Study design Settng Databaze (MIMIC = Medical Mo, predictor Crutoome
Information Mart for [Intensive wvariables in
Care] madel
Diagnosiz
Delzhanty, Emergency Hospital database (2.759.529 13 at 1-h, AUROC
2019 Department __patient emcounbers ) 0.97 at 24-h
Dezautels, 2016 Beorospective [ntenzive Care MDBIIC-ITI g AURCC: 0LEB0 at dizeaze
onset
Eaji, 2019 Retrospective [ntensive Care MDEAICTI 119 AURCC: 0U952 at zame-day,
0576 at next-day
Kam, 2017 Retrospectve [ntenzive Care MDIIC-ITI o AUROCC: 00929
Mao, 2018 Retrospectve Hospital wide Hospital databaze (17 467 957 G AURCC: 0,92 4-h before
patent encounters) sepsis onoet.
MDEAICTI
Memati, 2017 Retrospective Intenszive Care Hospital databasze (27 527 65 AURCHC: 0LE5 4-h before
patent encounters) sEpsis
MDIIC-ITI
Taneja, 2017 Betrospective Hiospital wide Hoszpital databaze (444 patient 21 AUROC: 051 at dizeass onset
Eencounbers)
Henry, 2015 Retrospectve [ntenzive care MDIIC-ITI i AURCC: 0LE3 28.2-h befora
sepsis onoet.
Sagib, 2018 Retrospective [ntensive care MDEAICTI 12 AUROC: 0L696
Shashikumar, Betrospective [ntenzive Care Hospital databaze (242 patient Unelear AURCE: 0,78 4-h before
2007 Encounbers) sepsis onset.
Barton, 2019 Retrospective Hospital Wide Hospital databasze (91 445 i} AURCHC: 0LE3 458-h before

patent encounters)
RATRATC-TTH

onset.

Schinkel, Comput Biol Med, 2019



BM) Open Multicentre validation of a sepsis
prediction algorithm using only vital

- - sign data in the emergency department,
1. Predikcia 5 SENEY EEP

general ward and ICU

Qingging Mao," Melissa Jay," Jana L Hoffman," Jacob Calvert,’
Christopher Barton,? David Shimabukuro,® Lisa Shieh,* Uli Chettipally,2®
Grant Fletcher,® Yaniv Kerem,”® Yifan Zhou,"® Ritankar Das’

InSight algoritmus

Predikcia a detekcia sepsa/tazka sepsa/sok
Porovnanie so SIRS, MEWS, SOFA

AU-ROC, senzitivita, Specificita

6 hodnot VF z EHR (TKs, TKd, HR, RR, SpO,, TT)
Extrakcia dat z viacerych databaz

UCSF (nemocnica): 90 000
- tréning 80 %. Validacia 20 %

MIMIC-III (ICU): 21 000

Mao, BMJ Open 2018
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Sensitivity

Vysledky- ROC krivky
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4 hod pred sokom

Mao, BMJ Open 2018

1.0



Vysledky — AU-ROC, senzitivita, specificita

AU-ROC 0,92 0,84 0,76 0,75
Senzitivita  Sepsa 0,98 0,98 0,82 0,82
Tazka sepsa 0,99 0,98 0,90 0,81
Sok 1,00 1,00 0,99 0,91
Specificita ~ Sepsa 0,95 0,72 0,32 0,51
Tazka sepsa 0,85 0,72 0,37 0,50
Sok 0,99 0,91 0,58 0,49

Moznost’ prenosu vlastnych udajov
Mao, BMJ Open 2018



Lomputer ethods and Frograms in biomedicine 1/U (£2013) 1-29

Contents lists available at ScienceDirect

Predikcia -
meta-analyza

Computer Methods and Programs in Biomedicine

ELSEVIER journal homepage: www.elsevier.com/locate/cmpb

Prediction of sepsis patients using machine learning approach; A R)
meta-analysis =y

Md. Mohaimenul Islam?®P, Tahmina Nasrin®®, Bruno Andreas Walther€, Chieh-Chen Wu?®,
Hsuan-Chia Yang®, Yu-Chuan Li (Jack)»bdex

Predikcia sepsy 3 - 4 hod pred nastupom
ML verzus klasické skore
135 studii, zaradenych 7

AU-ROC Senzitivita Specificita
959%CI 959%CI 959%oCI

0.89; 0,86-0,92 0,81, 0,80-0,81 0.72; 0,72-0,72

SIRS, MEWS, SOFA 0,7 0,5 0,68

Islam, 2019



2. Liecba

The|Artificial Intelligence Clinician|learns optimal
treatment strategies for sepsis in intensive care

Matthieu Komorowski©@ '3, Leo A, Celi®?#%, Omar Badawi***, Anthony C.Gordon™'* and

PO T, NATURE MEDICINE | VOL 24 | NOVEMBER 2018 | 1716-1720 |
Imperial College London

96 000 pacientov so sepsou, ICU
- trénig: MIMIC-III (17 000, 5 ICU)
- validovanie: eRI (79 000, 128 nemocnic)

48 premennych; 90-drnova mortalita

Data o liecbe — tekutiny, vazopresory (davka a 4 hod)
ML - Reinforcement learning

- hl'ada pravidla pre optimalny vysledok

Markow decision process

Ktoré postupy lekarov viedli k najlepsim vysledkom

Porovnanie: lekari vz. algoritmus

Komorowski, Nature Medicine 2018



Development dataset:
80% of MIMIC-III

PC3

CE’-L-I\I-'J [=1\ " e Lo}

#
e

Patient input data
(time series of 48

features)

Discretization

Medication doses
| Patient outcome I

Dizajn Al Clinicians

Patient states

Dosage actions

mseoivasupmssur-
. 2|45
E
= 7|8 10
=
5 11| 12| 13|14
g 16| 17|18
a

21 |22

Reward or penalty

Reinforcement
learning

1. Evaluation of
clinician policy

2. Optimal

Validation
dataset: Test
20% of dataset:
MIMIC-III eRl

policy estimation

Selection of Testing of

best model best model

Komorowski, Nature Medicine 2018



Vysledky, validacny subor

sV Va

Podanie vyssej alebo nizsej davky zvysovalo mortalitu
Lekari - menej vazopresorov, viac tekutin

Vysledky treba overit’ v realnom zivote

Komorowski, Nature Medicine 2018



Porovnanie AIC a lekara v eRI

1 Intravenous fluids e 1 Vasopressor
0.8 0.8 | _ e’ﬁ‘
0.6 z 06 .
s s I /
A o A7 0 *
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Average dose excess per patient Average dose excess per patient

Komorowski, Nature Medicine 2018



3. Data mining

JAMA | Original Investigation | CARING FOR THE CRITICALLY ILL PATIENT
Derivation, Validation, and Potential Treatment Implications
of Novel Clinical Phenotypes for Sepsis

Christopher W. Seymour, MD, MSc; Jason N. Kennedy, MS; Shu Wang, MS; Chung-Chou H. Chang, PhD; Corrine F. Elliott, MS; Zhongying Xu, MS;
Scott Berry, PhD; Gilles Clermont, MD, MSc; Gregory Cooper, MD, PhD; Hernando Gomez, MD, MPH; David T. Huang, MD, MPH;

John A. Kellum, MD, FACP, MCCM; Qi Mi, PhD; Steven M. Opal, MD; Victor Talisa, MS; Tom van der Poll, MD, PhD; Shyam Visweswaran, MD, PhD;
Yoram Vodovotz, PhD; Jeremy C. Weiss, MD, PhD; Donald M. Yealy, MD, FACEP; Sachin Yende, MD, MS; Derek C. Angus, MD, MPH

JAMA. 2019;321(20):2003-2017.



Dizajn studie
Sepsa — heterogénne ochorenie
3 observacné kohorty (Seneca, GenIMS) — ucenie/validacia

3 RCT (ACCESS, Prowess, ProCESS) — vplyv fenotypu

29 premennych (demografia, komorbidity, vitalne znamky,
markery zapalu, markery MODS); bezné parametre pri
prijati

Najhorsia hodnota prvych 6 hodin

ML, unsupervised clustering (Optics), velké databazy,

HI'adat’ fenotypy
- korelacia s biomarkermi
- mortalita v nemocnici, 28/60 dni

Saymur, JAMA 2019



Vysledky

110 000 SENECA derivacna kohorta
146 000 SENECA validacna kohorta
RCT: 4737/1690/1341pts - reanalyza

4 modely:
- alfa

- beta
- gama
- delta

Saymur, JAMA 2019



Fenotypy sepsy

Alfa  (24-42 %): menej abnormalit & podskpinY
- MARS 3 Jedinecné K

Beta (19-30 %): starsi, komorbidity, oblicky
Gama (23-50 %): zapalové markery, albumin, teplota

Delta (5-23 %): laktat, transaminazy, hypotenzia, pecen
- MARS 2

Bez rozdielov: pohlavie, natrémia, glykémia, leukocytoza

Fenotypy nekorelovali so zavaznost'ou Ci miestom infekcie,
prekryvali sa hlavne beta a gama fenotypy.

Fenotypy mutidimenzionalne, rozdielne, nezodpovedaju

tradicnému deleniu (miesto, zavaznost', postihnutie organov)
Saymur, JAMA 2019



A | All phenotypes combined

mmatofy NeurOIOgica,
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Korelacia s biomarkermi

VlysSie hodnoty v gama, delta
Delta: koagulacné abnormality
Beta, delta: renalne faktory

Saymur, JAMA 2019
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Outcome - mortalita

Alfa 2 %
Beta 5 %

Gama 15 %
Delta 32 %

/7/."

=)
=2
=)
2,
<2
» <
y £
e &
% &
o
N

Saymur, JAMA 2019



Sepsa a vyskum

Pokracujuca diskusia o definicii sepsy
Heterogénny, diverzny komplex
Digitalne zdravotnictvo (EHR)
Databazy — harmonizacia, dostupnost’
ML predikcné systémy
Zmena vysledku?
Prospektivne overenie
Impementacia

Sme stale na zacCiatku




Umela ventilacia

Sedacia, analgézia

- variabilita odpovede

Vining/extubacia - predcasny, optimalny, neskory

- predikcia?

UI: personalizacia, znizenie variability

Priklady:

- Prasad et al (2017): extubacia, vining lepsie ako
klinicka predikcia



Nové pristupy

Merania hluku, svetla, okolia
- delirium, trigery

Analyza tvare
- bolest’, utrpenie, sedacia

Nositel'na elektronika
- poloha, spanok, EKG

DL analyza existujucich udajov
- EKG...

Lleep trackers

L FItiit versa

Mt sl slee ractes wath relabis sosae

e yrant dp




Urgentna medicina

Operacnée stredisko ZZS Kodan, Corti:
analyza hlasenia (rychle spracovanie audio), vratane
sumu s pozadia tonu, emocie

Co sa este pytat’ v urgentnom pripade
Zistenie kvintetu prvej hodiny
Automaticka extrakcia udajov

Preklad z jazykov, dialekty
Odpovedat’ na Cakajuce hovory

Prepis do textu, spatna vazba pre dispecerov




775
JACC March 20, 2018
Volume 71, Issue 11

Heart Failure and Cardiomyopathies

MACHINE LEARNING MODELS SIGNIFICANT IMPROVE OUTCOME PREDICTION AFTER CARDIAC
ARREST

Poster Contributions
Poster Hall, Hall A/B
Saturday, March 10, 2018, 3:45 p.m.-4:30 p.m.

Conclusion: In patients admitted to ICU following cardiac arrest, novel machine learning approaches significantly enhance predictive
discrimination compared fo classical logistic regression mortality prediction techniques, with a stacked ensemble approach proving most
accurate. The impact of pre-hospital data may increase the accuracy of mortality prediction, and further efforts need to be made to enhance
the explainability of such models to encourage translation to clinical application.



ORIGINAL RESEARCH ”
’ Amerizan  Amatican

Heart | Strakao )

An Algorithm Based on Deep Learning for Predicting In-Hospital
Cardiac Arrest

Joormyoung Ewon, MO;* Youngnam Lee, M3;* Yeha Lee, PhD; Seungwoo Les, BS; Jinsik Park, MO, PhD

Journal of Clinical Monitoring and Computing
https://doi.org/10.1007/s10877-019-00343-7

EDITORIAL o')

Check for
updates

Predicting vital sign deterioration with artificial intelligence
or machine learning

Simon T. Vistisen'2® . Alistair E. W. Johnson®*® . Thomas W. L. Scheeren®

Flechet et al Catical Cone (2019) 23:282

hetps//dotong/ 10,1 186/513054-019-2563x Critical Care
Received: 17 June 2019 / Accepted: 24 June 2019
© Springer Nature B.V. 2019

RESEARCH Open Access

Machine learning versus physicians’
prediction of acute kidney injury in
critically ill adults: a prospective evaluation
of the AKIpredlctor

Marine Flechet™', Stefano Falir 't Claudia Bonettr, Fablan Gluza™, Miet Schetz”, Greet Van den Berghe”

@

and Geert Mayt



Problémy a vyzvy Ul

UI v medicine - v plienkach.

Vyzvy, na Co sa pripravovat”

1. Data, tvorba a vyuzitie databaz

a) Vytvorenie obrovskych databaz

b) Kompatibilita heterogénnych udajov

c) Spravnost’ a kompletnost’ Udajov

d) Zdiel'anie udajov, otvoreny pristup

e) Personalne zdroje na popis Udajov pre supervised tréning
f) Interné a externé validovanie algoritmov

g) Prenositel'nost’ vysledkov medzi pracoviskami, extrapolacia



Problémy a vyzvy UI

. Transparentnost’, zrozumitel'nost’

. Etické otazky

Pravne otazky, zodpovednost’

. Ochrana udajov a sikromie pacienta, komercionalizacia
udajov

. Bezpecnost' pacienta

Nezamysl'ané dosledky

. Implementacia do dennej praxe

. Strata pracovnych miest.

O 0 N O



Giganti v zdravotnictve

Google Deep Mind, Vyskum, text/hlas, senzory, chorobopis, genetika,
Genomics studie

Apple Ekosystém Apple Health, data managment, chorobopisy
telefony, mobily

IBM Watson Kognitivny asistent

Amazon Internetovy Lieky, pomocky, dorucovanie dronmi, domaci

obchod, Alexa  doktor g




FDA APPROVALS FOR ARTIFICIAL INTELLIGENCE-
BASED ALGORITHMS IN MEDICINE
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Implementacia - realita

Variabilné vysledky

Medicina je pomaly sa meniaci moloch

Kvalitné data — zaklad vsetkeho

Klinicky datolog + vedecky datolog + pocitacovy Specialista
Porovnanie s inymi systémami (skusenost'...)

Validacia, kritické posudenie algoritmov

Uzivatel'ska pritulnost’

Pouzitel'nost’ v realnej klinickej praxi — integrovat’ do
existujucich systémov

Implementacia v radiologii - pomaly



Co hovoria na zaver nasi autori?

L. Julia je optimista:

- ['udia st pod vplyvom hollywoodskych
katastrofickych filmov

- vzdelavat' sa, zachovat' si kriticke myslenie

- VUI: sucasné prostriedky nheumoznia vznik

- rozhodovat’ budu empaticki, senzibilni l'udia
s ,common sense" s podporou rozsirenej
inteligencie




Co hovoria na zaver nasi autori?

Toby Walsh: koniec vsetkeho?
- 10 argumentov proti moznosti VUI
- Co treba robit’

- regulacia dat

- regulacia trhov

- rozvoj kreativity
- vSetci budu profitovat’ z vyhod UI
- blahobyt pre vsetkych



Londyn September 2019 % AlVied

Hlavny problém — inkompatibilita dat

Vel'keé algoritmy mozu priniest’ nulovy uzitok pre pacienta
Zakladna technologia s prinosom pre pacienta je produktivnejsia
ako ML s malym klinickym vyznamom

NadsSenia s ML upada, pozerame sa na Al s dopadom
na pacientov.

Skor rozsirena inteligencia

Najst’ optimalny postoj k robotom

Vzdelavanie v UI ma zacat’ v ranom veku na skolach,

az po studentov LF a lekarov

Mame nielen big data, ale aj medicinske vedomosti; integrovat’

Presnost’ nastrojov Al sa musi validovat’ s ohf'adom na vysledok
a klinicku uzitoCnost.
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Automatizovany lekar?

Electronic Health Record
Kamera
Vsetka znalost’ mediciny je na webe

Diagndzy a liecby je mozné vlozit’ do rozhodovacich
vetiev

K dispozicii je hlasova komunikacia
Fyzikalne vysetrenie?
Zobrazovacie metody, laboratoria — digitalizované

PocitaC lacnejsi ako 6 + 5 rocné studium
- inStalovat’ neobmedzene....



Wl
»Nuz, jedna vec je ista.
Roboty nikdy nenahradia lekara™



Uloha lekara u UI

Byt' v Cele iniciativy (early adopters), snivat’
Formulacia potrieb

Spolupraca s datovymi a pocitacovymi Specialistami
Vzdelavanie, silné/slabé stranky UI

Validovat’ algoritmy - bezpecnost’ a ucinnost’, efektivnost,
presnost’, transparentnost’

Sledovat’ pocCinanie strojov, algoritmov, Korigovat.
- Diagnostic machine supervisor

PACIENT; Individualizovana medicina

Po implementacii: ¢as na priania, potreby, nadeje obavy
nasich pacientov; komunikacia; empatia, starostlivost/,
umenie mediciny, hodnoty pacienta...



Pozitivna perspektiva

Klinicko-digitalna konvergencia
- integracia

- medicinskych Udajov

- umelej inteligencie

- personalizovanej mediciny
s pouzitim symbiozy ludskeého intelektu a strojovej
inteligencie.
Individualizovana EBM prax, lepsi klinicky vysledok
Viac Casu pre priamy kontakt s pacientmi

/ ’
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Empatia: vyhradne l'udska?

Neplac, vsetko
bude zase dobré




Dakujem za pozornost’
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