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» Emuypappatikd LOTOPLKA oTolxEla

» Nonpoouvn, evovulia, texvntn vonuoouvn (TN)

» Kataokevun cvotnuatwy TN = Texvnta
VEUPWVLKA OlKTL AL

» Brjuata yla tnv KATaokeun cvotnuatwy TN

» Mapadelypata edappoywv TN oTnNV LATPLKA



MuOBoAoyla

* Exoupe avadopec amo th puboloyia ou dpaivetat va deixvouv tnv
emiBupia Tou avOpPwWTIOU YLa VONLLOVEC UNXOVEC

* O TaAAw¢ Bewpeital To MPWTO POUTTOT IOV “KOTAOKELVAOTNKE” TTOTE N

dnuoupyndnke amo tn paviacio Twv avBpwnwyv. Anuoupyndnke amo
XOAKO KOl TLEPLELXE LYWP [TO «aipa Twv Bewv»]

Tov kataokevooe 0 B€0¢ HPaloToc Kol ToV XAPLOE OTO O Apyovates

Kot 0 TAAWG

BaoAta Mivwa yia va dulaet tnv Kpntn.

Atbpaypo tnc @oatotov, 280 r.X. O ptepWTOC TAAWC
OTTALOEVOC LLE TIETPAL.

Poundt ovopaletal onoladrnmote HNXOVIKA CUGKEUN TTOU UIMOpPEL va
untokalBLota tov avlpwro oc dtadopec epyacieg. Eva pounot Unopel va
s %7 SpaoeL KATW aro Tov anevBeiag EAeyxo evoc avOpwIou 1] AUTOVOUA KATW
S aTto TOV EAEYXO EVOC MPOYPOLUATIOUEVOU UTIOAOYLOTH).
ARSI (https://el.wikipedia.org/wiki/%CE%A1%CE%BF%CE%BC%CF%80%CF%8C%CF
https:// org/wiki/ %84)

el.wikipedia.

H A£€n poundt mpogpxetal amo tnv To€xkn AéEn robota (poundta) = epyaocia.



lotopla

e O UNXOVIOUOC TwV AVTIKUONpWYV, YVWOTOC Kol WG AoTPOoAABOC Twv
AvtikuOnpwv

* AVOAOYLKOC, LNXOLVLKOC UTTOAOYLOTHC KOl OPYOLVO OLOTPOVOLLLKWYV
UTTOAOYLOUWV

Qs 3
oﬂolﬁh._

Me Bdon tn popdn twv EAANVIKWVY eTtypadwyv tou hEpPEL
XpovoAoyeital petav touv 150 rt.X. ko tou 100 r.X.




Avtouarta

* Mnxavec pe duvatotnta Kivnong

* Kataokevalovtav amo tnv apyalotnta pe tn fonbela tou
aTUMOU Kol UOPAUALKNC TtlEoNC

s S e
AT iy B

* Kat apyotepa pe tn Ponbela eAatnpiwv e .

AOTPOVOULKO pOAOL otnVv Mpaya




https://www.youtube.com/watch?v=_sBBaNYex3E BOSton DynamiCS
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Is a software agent that can perform tasks or services for an individual

Am a ZO n AI exa based on commands or questions.

e Avirtual assistant Al,
* Voice interaction

* music playback

* making to-do lists

e setting alarms

* streaming podcasts
* playing audiobooks
* providing weather, traffic, sports, and other real-time information, such as news.

* Alexa can also control several smart devices using itself as a home automation system.

* Users are able to extend the Alexa capabilities by installing "skills" (additional functionality
developed by third-party vendors, in other settings more commonly called apps such as weather
programs and audio features).

Avtiotolya tou Amazon =2 Alexa sivat: Microsoft - Cortana, Apple = Siri, Google = Google Assistant ... ... ...


https://en.wikipedia.org/wiki/Virtual_assistant
https://en.wikipedia.org/wiki/AI
https://en.wikipedia.org/wiki/Alarm_clock
https://en.wikipedia.org/wiki/News
https://en.wikipedia.org/wiki/Smart_device
https://en.wikipedia.org/wiki/Home_automation
https://en.wikipedia.org/wiki/Mobile_app

Autovopa oxnuarta (self driving cars)

e Self-driving car, autonomous vehicle (AV), connected and
autonomous vehicle (CAV), driverless car, robo-car, robotic car

* Exouv tn Suvatotnta va «LETPAVEY ToV MEPLBAAAOVTA XWPO KalL val
Klvouvtal pe aodpalela xwpic avOpwrnivn napspupfaon.

e Xpnotwpomotlouv toAAoUC aloOnTnPEC yia va CUAAEEOUY OoTOLXELO QTTO
10 MePLBAAAOV Kal va Ta EMEEEPYACTOUV OE TTPAYHOTIKO XPOVO:

 RaDAR, LiDAR, SONAR, GPS, odometry kat cuotipato HETPNONG adpaveLag
(EMLTOXUVOLOUETPOL KOLL YUPOOKOTILAL).

e JUOTAUOTO EAEYXOUV XPNOLUOTIOLOUV TIC TTANPodopiec Kat kaBopilouv
TpOTouC tAonynonc / aviidbpaonc kabBwc Kat ta epmodia Kot oSk onpavon.



I Under the bonnet

How a self-driving car works

Signals from GPS (global positioning system) Lidar (light detection and ranging)

satellites are combined with readings from sensors bounce pulses of light off the

tachometers, altimeters O surroundings. These are analysed to

and gyroscopes to provide identify lane markings and the

more accurate positioning ) o edges of roads

than is possible with

ik Video cameras detect traffic lights,
read road signs, keep track of the

Radar position of other vehicles and look

sensor out for pedestrians and obstacles

Ultrasonic sensors may
be used to measure the
position of objects very
close to the vehicle,
such as curbs and other
vehicles when parking

Source: The Economist

on the road

manipulates the steering,

accelerator and brakes. Its

software must understand Radar sensors momhorthe position of other
the rules of the road, both vehicles nearby. Such sensors are already used
formal and informal in adaptive cruise-control systems



Nonuoouvn

e TLElval n vonuoouvn

* To cUVOAO TWV YVWOTIKWV LKOVOTATWY Tou avBpwrou, SnAadni n avtiAnyn, n
VAN, O CUVELPUOG, N davrtacia, n mpoooxn Kat n dtavonon, Kat eLOKOTEPA N
LKOVOTNTA TIPOCOPUOYAC OE VEEC KATAOTAOELC KOLL I LKAVOTNTA VAl
avTlapBavetal opolotnTteC, SLadopEC KoL OXECELG

JUudwva HE ToV KaTtaokevaotn!,

To pourmnot Sophia dtaBetet:

(ota ayyAlkd Aoyw opoAoyiag)

1. Artificial intelligence

2. Visual data processing and facial recognition

3. Imitates human gestures and facial expressions

4. Is able to answer certain questions and to make simple
conversations on predefined topics (e.g. on the weather).

5. Uses voice recognition (speech-to-text) technology

6. is designed to get smarter over time

7. speech-synthesis ability also allows her to sing

8. The Al program analyses conversations and extracts data that
allows it to improve responses in the future.




Mnyaviopot tnc Nonupoouvng

Mo teploocotepo armo 2500 xpovia, dthocodol (AplototeAng, HpakAettog, Descartes ...), mpoonaBnoav va
MeEpLypAYPouVv TOUG LNXAVLIOHOUC

1.

2
3
4.
5

Tng padnong

Tn¢ amopvnUoveuong
Tng 6paong

Tnc avtiAnync kat

Tou cuAloyLopoU

Ta epeuvvntika edia tng Texvntig Nonpoouvng oxetilovtal og AuTeC TG Se€LOTNTEC Kal oTtnV avtiAnyn kot
TNV GUAAOYLOTLKN.

Noapadeiypata cuotnuatwy Texvntic Nonpoouvng elval T.X. TO NAEKTPOVLKO OKAKL, NAEKTPOVLKA TtaLxvidLa,
Slayvwon aoBevelwyv e UTTOAOYLOTH.

Epeuvntec amo AAAEC ETILOTNLOVLIKEC TIEPLOXEC KatadeUyouv otnv Texvnty Nonpoouvn ywa va Bpouv
gpYOAELQ KOl VO QQUTOMOTOTIOLHOOUV TOL AOYLKA BrLOLTOL TTOU XPNOLUOTIOLOUV 0T pOouTiva TOUG.



Texvntn} vonuoouvn (Opopocg...)

Barr kat Feigenbaum: «Texvnt Nonpoouvn glvol o TOPEAC TNG
ETILOTAMNG, TTOU aoXoAeital pe th oxedloon evdpuvwv (vonuovwv)
UTTOAOYLOTLKWV cuoTnNUATWY, SNAadr) cuCTNUATWY OV EMLOELKVUOUV
XOLPOKTNPLOTLKA TTIOU OoXETL(OVTOL UE TN VONUOooUvn oTtnv avBpwrivn
ouumnepldopa»

Aev givall 0 povadikog opLoUOC

‘Evag armo toug eYKUKAOTIOLOLKOUC OPLOLOUC YLOL TNV TEXVNTH vonuoouvn
EPUNVEVETAL WC N LKAVOTNTA TNE MNXOLVAC VO TTOPEL vaL LLULELTAL TNV avBpwTTLVN
ouunepLdopa Kot TNV evduia.

https://doi.org/10.1016/C2013-0-07690-6



" 2 NMOVTLKO va TO YVWPLleTE

Euopula

* Eudpula Bewpeital n dSuvatotnta Tou eykepalou va
OKEPTETAL, VO EKAOYLKEVEL, va avTlAappavetal
abnNPNUEVEC EVVOLEC, VoL AUVEL TtpoBANaTa Kal vo
HaBalvel Kol Kupilwce va KoTovoEeL Kol vo TiPoBAETEL.

* H evdulia enekteivel Tov KOOUO TTOU avTlAapBavopoote
TEPAV TWV QLLOONCEWV LOC KOl oG KAVEL KoL
AELTOUPYOULE ETITUXWC OE QUTOV.

* >TOoV avBpwritvo eykedpalo n evduia paivetal va
NMPOKUTITEL WC arnoteAeopa TS ocuvBeTnc dlaocuvdeonc
TWV VEUPWVWV Kal w¢ eva Babuo dalvetal emionc va
ouvOEETOL KOl UE TN cuveldnon.

Ao Wikipedia




Aokipaota Turing — | &

e O Alan Turing, to 1950 gunvevotnke pia dSokipaota (dokipooia Turing =2 Turing
test) MPOKELUEVOU va SLATILOTWOOUE AV EVOL CUOTNHA ELVOIL EVDUEC

* Baoiletal o€ pia oelpd oo epwTNOELS TTou UTTIOPBAAEL Evag avBpwTog —
etetaotnc (C) tavtoxpova oe pia punxavn (A) kat og evav avBpwro (B), xwpic va
YVWPLIEL K TWV TPOTEPWV TIOU arteLOUVETAL.

* Av 0 e€eTa0TNC Oev KaTADEPEL VA EEXWPLOEL TOV AVOPWTIO ATTO TN HNXaAvn, TOTE N
lunxowvn metuyaivel tn dokipaoia Kot Bswpeital evdpunc.

* MapoTL N anoteAeopatikotnTa Tt dSokipaoiag Turing e€aptatat amo moAAoug
NOPAYOVTEC, Bewpeital LEXPL CAUEPA EVOL KOAO HETPO ouyKpLong tTnE DUOLKAC
(BLoAoyiknc) pe tnv Texvnt Nonpoouvn

2NMOAVTLKO VOl TO YVWpileTe



Mpooeyyioelc otnv Texvnti Nonuoouvn
E{60g TexvNTig vonuooGVNg

loxupn teExvNtn vonuoouvn OtL Kol 0 avOpwTog abpoloTika
(Strong Al, general Al)

AoBevn¢ tTexvntn vonuoouvn Neploplopévo aplBo Slepyaotlwy amo oUTEC

(Weak Al, narrow Al) TIOU UTTOPEL va EKTEAECEL O AVOPWTTOC
2UCTHHOTA TTOU 2UCTHMATA TTOU
OKEQPTOVTAI OTTWG oKEQPTOVTOI OpBOAOYIKA

0 AvBpwITOG

«H auTtopartotToinon A&IToupyIwyV TToU

OoXeTiCovTal UE TNV AVOPWTTIVN OKEWN, «H PEAETN vONTIKWYV IKAVOTATWY YE TNV

OTTWG N AAYN atro@Acewy, N €TmiAucn XPON UTTOAOYIOTIKWY HOVTEAWV»
TTPoBANUATWY, N uéénon...»

2UOoThHHOTA TTOU dpouv 2UOTAMOTA TTOU SpOUV
OTTwg o avBpwrrog opBoloyikd

«H T€XVN TNG dNUIoUPYIAG PNXavWY
TTOU KAVOUV AEITOUPYIEG, Ol OTTOIEG,
OTaV TTPAYUATOTTOIOUVTAIl OTTO
avOpPWITTOUG, ATTAITOUV VONUooUvVN»

«H peAETN TG oXEdiaong euQuWV
MNXavwv/rpakTépwv(agents)»




... KoL AN KaTtnyoplomnoinon...

Texvntn vonuoouvn =2 Hadnon pnxovwv

ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data




[Mwc kKataokevalovto
ovotnuato TN?



BloAoyika veupwvika Otktua kat (Neural Networks) ...

BloAoylkol veupwvec (ypadpnpua)

Cell body

Telodendria

Vi
Nucleus \

—

i Emwd"”'"ww__ﬂ‘

C @ —Axon hillock ) Synaptic terminals

<

e —

—

% Golgi apparatus
Endoplasmic /.
reticulum

Mitochondrion \ \ Dendrite

\
/ % Dendritic branches

ZUVAYELG

H Siemadn yia tn petadoon
TMANPOPOPLWYV QTIO VEUPWVA
0€ VEUPWVQ

https://en.wikipedia.org/wiki/Neuron



veernnneneeee 1EXVNTA Neupwvika Aiktua (TNA) 1944: Warren McCullough and

Artificial Neural Networks (ANNs) ™™
TexvNTOL VEUPWVEG

OL Aeltoupyleg TOU MPAYUATOTIOLOUVTOL OE KAOE
GO* VEUPWVA £lval ol akOAOUOeC (e oelpa

I OdO EKTEAEONC)

e

Mn ypappikn
ouvaptTnon

1. O kdBe vevupwvag moAhamAaoldlel kaBe
eloodo Tou e To avtiotolo Bapocg

E§050§ 2. Ta ywopeva Twv €Ll00dwv UE Ta Bapn
> npootiBevtal (amo tov abpolotn )

3. To aBpolopa TwV YWVOUEVWVY PLATpApPETOL
(6i6eTa ocav €lcod0g) amod pLa PN yPOLULKN
OUVAPTNON KOL TO ATOTEAECUA ElvalL N
€£060¢ ToU veEUpwvA.

loyupn eloodoc (epgBlopa) n uPnAo Bapoc =2 avénpuevn enidpaon otnv €€odo
H yvwon anobnkevetal ota fapn twv cuvapewv (Lvnun)



ALKTUO VEUPWVWV O€ EUPLOUC OpYAVIOUOUC

https://www.bioalternatives.com/en/catalo https://www.sciencephoto.com/media/796
gue/hippocampal-neuron-network- 913/view/cortical-neurons-sem
glutamate-intoxicated/



Aiktuo Texvntwv Nevpwvwv
[ Texvnto Nevpwviko Alktuo (TNA)]

Eicooot . E&odot

XTpoua 16000V

Kpvepo otpoua

Multilayer feedforward Artificial Neural Network

Turtkr) Sopun evOg TOAVCTPWHATLKOU SIKTUOU
ue popad npog ta epnpoc (feed forward).

Exel

1. Eva otpwpa EL00dou
2 Eva otpwpa €660 Kall
3. Evblapeoa Eva kpudo oTpwpa

OAoL oL VEUPWVEG EVOC OTPWHATOC
OUVOEOVTOL UE TOUC VEUPWVEG TOU OUECWC
ETIOLLEVOU OTPWHATOC

Elvai Suvatov va €XeL Eva 1] TTEPLOOOTEPQ
KpupA oTpwHATA.

‘E€odo¢

)N ER

Mn ypappiki
ouvapTnon




Kat twe pabaivel ?17?

XPNOLLLOTIOLELTAL EVOLC
aAyoplOpuocg
ekntaidbevonc

A

_>
—»( A )
Eicodot ""{‘\\y< . 'E&odot

YTpdpo. 16600V

Kpvpod otpopo

&
. S,
(o)
h d‘o/

‘E€0d0g

Werbos's (1975) backpropagation

[.x.

O aAyoplBpuoc

OTLO OﬁKOp.lKI"]Q ditadoonc
tou opaAparoc (back
propagation of the error)

Mpaktkad av N €€0d0o¢ Tou
TNA eival kovta otnv
NPOYHLATLKN £€060 TOTE T
Bapn 6OWV VEUPWVWV
OUVELOPEPOUV TIPOG AUTH
TNV €€000
«eruPpapevovtal» ot
OLaPOPETIKN TIEPLITTWON
«TLLWPOUVTOLY

EmbBount Ipaypotikn
"ECodog _“"*O"‘— "E&odoc
/ i Xipona
Atopopég EZ650v
eC00MV \
Bdpn
T
Y RoloviGILAg / Kpoood
ALpopov e TTpoua

Baic TIS ESIGMGELS

T

Bdpn

Y ToAOYIGLOS
ALHPOPDY pe
[idon TS EEumnoELg

/

Rumelhart, David E.; Hinton, Geoffrey E.; Williams, Ronald J.
(1986). "Learning representations by back-propagating errors".
Nature. 323 (6088): 533-536.

Ipoua
B{pn

Eicodog



ErupAenopeva & pn ermPAenopeva TNA

EruBAentopeva

Kata tn dtadikaoia ekmaidevonc eivau
arapaitnto va yvwpiloupe tTnv £€0do
nou atoitov e armo to TNA va mapagel

H mAsloPpnodia twv StadpopeTIKWY
apxLtektovikwv TNA eivol emBAENOUEVEC

Mn eruBAenopeva

Kata tn dtadikaoia ekmaidevong Oev
yvwpilouvpue tnv €€odo

To TNA opyoavwveL oo HOvVo Tou
opadec pe opoeldn dedbopeva
(elocobouc)

ANQ peta to BaBuovopoupe (opilovpue
KaBe opada o€ oLa KaTNyopiat avAKeL)



BETHESDA_VALUE

MNapadeypa pn erBAenopevou TNA
2€ TaéLvOUNON KUTTAPOAOYLKWV
AAAOLWOEWV

Self Organizing Map (SOM)

SOM pe xpwpatikn kKwdikormoinon,
ocUUPwWVA LE TO ATIOTEAECUO TNG
KUTTOPOAOYLKNG £EETAONC KO UE
urtofaBpo (+ 1 -) tn Babuovounon
TwV KOUBwv, cupdwva LLE TNV
LotoAoyikn dtayvwaon: 2CIN2 (+),
<CIN1 (-)

MrAE XpWHO LA TOL TIEPLOTATLKA TIOU EIVOL KUTTAPOAOYLKWG
QPVNTLKA, TtPACLVO yla TS XapnAoBabuec aAlowwoelg (LGSIL)
Kall Kitpwvo, moptokaAl yia tic upnAoBabuec aAholwoelg (ASC-
H, HGSIL). Mg + kot — n LotoAoyikn dtdyvwon

Kuehoeldnc
Sdiataén
VEUPWVWV




TeAKA ....
TLelval ta Texvnta Nevpwvika Alktua 7777

* Tao TNA elva cuotipata (diktua) mou amoteAovvtal amo arnAouC

UTTOAOYLOTLKOUC KOUBoUC (texvnTouc veupwvecg), SLaouvdedepevouc
HetaéL ToucC.

e EpumvevopEva Ao To KEVIPLKO VEUPLKO cUOTNHA, TO OTolo
npoomnaBbouv va TpooooLwoouV AAAd o€ TTOAU Lo aAoOmoLNEVN
Hopdn

2NMAVTLKO VO TO YVWpileTe



[ToAurtdokotnta TNA

-------
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An Official Journal of

JNeurosci

THE JOURNAL OF NEUROSCIENCE

SOCIETY for CELIBRATING
NIROSCIENCE 50 YEARS
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Isotropic Fractionator: A Simple, Rapid Method for the Quantification of Total Cell

and Neuron Numbers in the Brain

Suzana Herculano-Houzel and Roberto Lent
Journal of Neuroscience 9 March 2005, 25 (10) 2518-2521; DO hitps:/idoi.org/10.1523/JNEURQSCI.4526-04.2005

Article Figures & Data Info & Metrics eletters B PDF o
In this issue

Abstract

Stereological techniques that estimate cell numbers must be restricted to well defined structures of
isotropic architecture and therefore do not apply to the whole brain or to large neural regions. We
developed a novel, fast, and inexpensive method to quantify total numbers of neuronal and non-
neuronal cells in the brain or any dissectable regions thereof. It consists of transforming highly
anisotropic brain structures into homogeneous, isotropic suspensions of cell nuclei, which can be

ranntad and idantifiad imminarudachamic alhs ae nanranal ar nan_nanranal Ectimatac f tatal rall

100 dI0EKATOUMUPIA VEUPWVEG
https://www.jneurosci.org/content/25/10/2518

Journal of Neuroscience
Vol 25, lssue 10

9 Mar 2005

Table of Contents

About the Cover

Index by author

2021-> 1 eKATOPMUPIO VEUPWVEC

Intel packs 8 million digital neurons
onto its brain-like computer

Using 64 Loihi processors, the company takes a notable step toward a
digital brain.

@ Stephen Shankland ! July 15, 2019 6:30 AM PDT ~ @

»%n‘}i:’?\ il

o - Lo P

-

P o

Intel fits 16 neuromorphic Loihi chips on its Nahuku board. It uses 64 of the research chips to make its
8-million neuron Pohoiki Beach computer.

Intel



https://www.jneurosci.org/content/25/10/2518

AplototéAnc (335 m.X.): «Amo oAa ta {wa 0 AVBPWTOC EXEL TOV LEYOAUTEPO
eykedaAo o€ avaioyla e To HEYEBOC TOUR

Y1rep-UtTOAOYIOTAG

NpoowITIKOG

AvOpwTTIVOg

1015 bits diokog

1013 bits diokog

Y1roAoyIoTHG Eyké@aAog
YtroAoyioTikég Movadeg | 104 CPUs 4 CPUs 101! veupwveg
1012 tpavdioTop 100 TpavdioTop 100 digekaroupupia
Movadeg pvaung 1014 bits RAM 1011 bits RAM 1011 veupwveg

1014 guvayeig

KUkAog poAoyiou

10-9secs

10-9secs

10-3secs

EvTtoAég/sec

1015 [1 rerpdkig ekatoppupia OPS]

1010

1017

“It is odds on that a machine - or organ - with sluggishly functioning components and.s.parallel mode of operation would be able to
thrash a computer with high_sneeg-caimniponents but a sequential mode of operation”

AAAG

https://human-memory.net/brain-neurons-synapses/

J. Copeland, Artificial Intelligence. Oxford: Blackwell Publishers, 1993.




H pon (Bripnata) yia tn Snuiovpyilol EVOC GUOTHUATOC
LLE LKavOTNTa vonuoouvnc (taétvountnc)

Agdouéva —»

|

AX\ayn ta&tvount

npoenecepyacio

Emioym
Tagvoun

Exraidocvon |»

|

A&loAoynon
TOSIVOUN TN

[Hapaymyikn
> i
Aertovpyia

T




[po-enetepyaoia
A@aipean TwWv OEDOPEVWYV TTOU OEV Eival TTANPN

Tutrotroinon OEOOHEVWYV

KavovIKoTroinon Tou¢ waoTE OAA T XAPAKTNPIOTIKA va
OcwpouvTal TTWG €ival IcodUvaua KAaTa TNV Tagivounon

XWPICHOG OTO OUVOAO EKTTAIOEUONG KAl EAEYXOU
(evOexoMEVWCE KOl O€ Tpia EPN —2train, test, validation)

Alayn ta&ivoun

v
Agdopév npoemneEepyosio Emkoyn’ » Exmnaidevon » Aiwkoynon »> Hap oyeyten
TaStvounTm tavount Aertovpyia
A




Ertthoyn kataAAnAou taévountn (TNA)

Eival ouvapTtnon Tou TTPoBAARUATOC TTOU ATTAITEITAI VA ETTIAUOEI
M.X. TNA ToU TUTTOU OTTIC00OPOUIKNG O1IAd0ONC TOU OPAAMATOC Eival
I0AVIKA VIO TNV TTPOCEYYION CUVEXWY OUVAPTNOEWV

OikTua Tou TUTToU LVQ (Learning Vector Quantization) gival TrpoTIHOTEPQ
via TNV €miAuon TTpoBANuaTwWY opadotroinong [clustering]

Eival duvartdv va atraitnBei Kal vea TTPOo-£TTECEPYATia KUPiwg aTo OTAdIO TNV KAVOVIKOTTOINONG, TT.X. O€ OTA VEUPWVIKA diKTUO
oTTI0000POMIKAG dIAdOC NG TOU OPAAUATOC N MEYIOTN KAl EAAXIOTN TIMA TWV OEQONEVWV ECAPTATAI ATTO TNV ETTIAEYHEV OIYUOEIDN
ouvapTtnon.

Aloyn ta&voun

_>

A&lordynon k [Mopayoym

Taidevon TaEvoun Ty Aertovpyia

:

Agdopévo, —» mpoemelepyac il

TOEIVOUN T




Ekmaidevon ko AéLoAdynon

To eTTOpevo Brpa gival n ektTaideuon Pe TN Bondeia Tou
OUVOAOU EKTTAIOEUONG KOI OTN CUVEXEIA N ACloAOYNON ME TN
BonBeia Tou cuvOAoU DOKIUWV.

Aloyn taEvountn

~ AELOLOYNON N
N TaStvoun T S

\ 4
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Avvopkn dtadkaoia

2.€ TTEPITITWON TTOU OEV ETTITUYXAVOVTAI IKAVOTTOINTIKA ATTOTEAETUATA €ival dUVATOV
va ETTaVOANQPOEi N TTPOTTAPACKEUN YE TAUTOXPOVN aAAayn TWV TTAPAPETPWY TOU
TNA N akoua kal ue aAAayn Tou povréAou TNA.

MEeTA a1TO TIC ATTAPAITATEG ETTAVAANWEIC PEXPI VA ETTITEUXOOUV IKAVOTTOINTIKA

ATTOTEAECUATA Kal TOV TEAIKO cuvTovIouo Tou TNA, To eu@QueEC ouaTnua AnYng
ATTOPAONG £XEI TTAEOV EKTTAIOEUTEI KAI UTTOPEI VA XPNOIUOTIOINOEI o€ Hia

TTApAywWYIKA AsIToupyia
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AeLKTEC AOd00oNC

TEXVLKN OLAXWPLOLLOU
Asiktng Anodoong  Efiowon |

AANBw¢ O=cTIKO (TP)

Kapia, elvat o aplBuog
TWV TEPLOTATLKWV
Kauia, elvat o aptOpoc
TWV TIEPLOTATIKWY

Weubdwg Ostiko (FP) Kauia, elvat o aplOpoc
TWV TIEPLOTATIKWV

Weudwg Apvntiko (FN) Kapia, eivat o aptBuog

TWV TEPLOTATIKWV
cuaitcOnoia ) Mocootd sbnoia = TP/P =
AAnG(b(; Ostikwv (TPR)
_ -arnta ) Noocooto
AAnBwg Apvntikwv (TNR)

AANBWG ApvnTiko (TN)

Weubdwg Otiko NMocooto
(FPR) n fall-out i Nocooto
false alarm

1-EldikétnTa = 1-TNR

T AT LG e oo lendel - FNR = FN/P = FN/(TP+FN) =

(FNR) 1-EvawoBnoio = 1-TPR

ZuvoAwkn AKpiBela
‘AKpiBeta (0A)

P+TN)/(P+N)

FPR = FP/N = FP/(TN+FP) =

)/(TP+TN+FP+FN) =

NA [Napduolec pe kdOe

To meplotatikd Bewpeital wg TP edv avayvwpiletal wg OeTiko amd tnv edapuolopevn pEBodo kal elval mpAayUatL OeTIKO

To meplotatiko Bewpeitatl wg TN v avayvwplletal wg ApvnTko amod tnv epappoldopevn HEBodo Kat eival mpdyuott
ApvnTiko

To meplotatiko Bewpeital wg FP gdv avayvwpiletal wg Otk and r‘v 13 gevn uEBoSo Kot eivat paypaTt
ApvnTiko

To meplotatiko Bewpeitat wg FN edv avayvwplletal wg ApvnTiko edappolopevn LEBoSO Kat elval mpaypaTt
OeTIKO

METPAEL TO TTOGOOTO TWV OETIKWVY TTOU EIVOL CWOTA QVayV Qa WG OeTIKaA

METPAEL TO TOCOOTO TWV APVNTLKWV TTOU €lvat o@wplouéva w¢ ApvnTika

To 0000TO TWV OETIKWV ATTOTEAECUATW @l TMPAYHOTL OETIKA
To MOC0OTO TWV ApVNTIKWV anorﬁdrwv TOU €lval PAyUaTL APVNTLKA

H avaloyio petaty to V 0pVNTIKWV EVPNUATWY TTOU £x0UV AavBoopéva KatnyopLomolnBei wg OsTika
(Weubwce Oetika) Kat to o0 aplBpOL TWV MPAYUATIKWY APVNTIKWY EUPNUATWY. H iBavotnta tng AavOaouévng
EKTIUNONG pLaL e@cnq w¢ O¢etikn. Eival To amotéAeoua tou Seiyvel OtL pia Se50pEVh KATAOTACH UTIAPXEL, EVW OTNV
TIPAYLOTLKO £ ApPXEL.

H avaloyia petafd tou aplOpol Twv OETIKWY EUPNUATWY IOV €XouV AavBaouéva KatnyoplomolnBel wg ApvnTika
(Weudwe ApvnTika) Kol Tou 0ALKOU aplBpol Twv MPAYUATIKWY OTIKWY eupnuatwy. H mbavotnta tng AavBaouévng
EKTIUNONG MLOG TIEPIMTWONG WG APVNTLKN).

MéEtpnon mou UToSNAWVEL TO TOGOOTO EMITUXIAG pLog peBodou.

AANG KOl

" KoprtUAeg
ROC//AUC
= Confusion

Matrix
= Precision
= Recall
= F1 score
= Kappa
= Matthews

Correlation
Coefficient



Metovektnuota Twv TNA

* Yriep-eknaidevon: To cuotnua Sev yeviKeVEL dnAadn mapoTL UTTAPXEL
vPnAn enidboon oto cVvVoAo ekmaidbevonc vmapxel ptwyn enitdboon
oTo ocuvolo SoKluwvV [overtraining, over-fitting]

* Artauteitall peyado mAnBoc dedopevwv

e AEV UTTOPXEL ALTLOAOYNOCN TOU HNXOVLOMOU amodaong

Kpvoo otpap

2NMAVTLKO VO TO YVWpileTe



NEec texvikeC =2 Babld nabnon (deep learning)

* Mo vea katnyopia alyopiBuwv ekmaidevonc (aAAa kat Sopwv TNA)
ota ool xpnotpornotovvtal MoAAAAA Kpuda ocTpwpata (apa
BoBLec dopec = deep).

* KaBe otpwpa XpNOLUOTIOLELTAL YLOL TN OTAOLOKN avayvwpLon oo
QTTAOTIOLNUEVEC OOUEC O OTAOLOKA TILO AETTTOLLEPELC HOUEC TT.X. AKUEC
OE€ ELKOVEC HEXPL OTAOLOKA aVTIKELMEVD I AAAEC OOUEC OTTWCG
YPOULUOTO KOl TIPOCWTIAL.
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Edappuovec Babiac nabnonc (deep learning)

Edappoyec oe opacn vrtoAoylotn (computer vision),
avayvwplon Aoyou (speech recognition), emeéepyoaoia
dedopevwy amo kowvwvika diktua (social networks),
netadpaocelc (machine translation), dtadpopa nedia Bro-
rniAnpodopikng (bioinformatics), oxedlaopoc pappakwy,
aVAAUON LOTPLKWV ELKOVWV.

[eviKQ 0 epappoyEeC Ttov artatteitatl upnAn e€edikevon
aAAa kot amAec dtadlkaolec.



Random Forest

* EmBAemOpEVN TEXVLKN

* Xpnotpomotlouvtal toAAot taélvounteg (ensemble
learning)

* KaBe taélvountnc eivol eva 6€vtpo ta&lvounonc
(classification and regression tree)

* Kata tn dtapketa tn¢g ekmaidevonc
«dSnuoupyouvtal» TTOAAQ TETOLA OEVTPQ
Taélvopnong

* TeAKA To cvoTnua Taévopuntwy divel we e€odo
(amodaon?) Tov pHEco 0po amo oAa ta SEvipa
Taélvopnong

* AlopBwVveL TNV «KaKLA ouvnOEeLa» TWV SEVTPWV
taélvopnong yla umtep-eknaidevon (over-fitting)

Random Forest Simplified
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TNA otnv maBoAoyLKn avatopkn/avaluon EKOVOLG

THE LANCET

Artificial neural networks in pathology and medical laboratories

Richard Dybowski, Vanya Gant

Clinical pathology laboratories are busier than ever.!
Small pathology laboratories are merging with larger ones,
which concentrates more work of the same repetitive
nature in one place. As in the car industry, laboratory
managers have turned to machines for these reperitive
tasks because it is easier to recover the initially high
capital cost of automation with high twrnover. Machines
now handle many types of clinical sample and are almost
invariably linked to inexpensive high-performance
microcomputers; these in turn have so enhanced the
housekeeping aspects of a modern clinical pathology
laboratory that “laboratory life before the computer” is
almost impossible to comprehend.
This integration of the computer
within pathology laboratories, as
record keeper, process controller,
data  tracker, and  number
cruncher, owes its success to the Numbers

Chemical pathology

o " "
fact that computers excel in doing [ ¥hen MeAsyEmants)

! - ! eg, "Serum Na* = ..
the same job very quickly without

error, often unsupervised, 24

Many strategies have been developed 1o enable computers
to classify data, the three principal ones being statistics,
machine-learning techniques® (such as decision trees),*
and artificial neural networks.

Some samples that reach the pathology laboratory vield
crisp data (“The serum sodium is . . .” or “There is a
meningococcus in this blood culture . . ") in other
words, single numerical values or descriptors. Such data
can be interpreted as being within a statstically defined
normal range or not, and can be flagged as such by the
simplest of hand-held computers. Other data are more
complex, both in the relations between the features and in

Micrabiology Histopathology

L
B

Numbers; descriptars
(colony counts; identification
of MICroorgani sms)

g, ">10%E coli per mL"

Complex figures;
imprecise linguistic statements
eg. "The section shows .. .*

hours a day. It is easy to see how Figure 1: Spectrum of pathology data as seen by clinicians

this leads to decreased sample

turnaround time, a commodity increasingly demanded by
managers and valued by clinicians. These roles for
computers are perfectly railored to the repetitive actions
of the computer microprocessor chip; but they are really
doing nothing more than acting as very fast electric filing
cabinets. This article describes how artificial neural
networks can extend the capabilities of computers within
clinical pathology.

Classifying data: when is more than speed
needed?

Programming a compi
management is straig
“dumb™ role for comp
pathologists and  labd
relevant to clinical path
to specify as a comp
decision making. To i
would be advantageou
sample throughput but
In pathology, decisions
the ability to classify
malignant?” “Is the isol
this site relevant?” “1

Lancet 1995; 346: 120!

See Commentary page
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their interpretation (ie, assigned class). One example
would be the technical identification steps required for,
and the interpretation of, a mixed growth of coliforms
and enterococci in an ileal conduit urine. Even more
complex examples can be found in histopathology and
cytology, where data are almost invariably figurative with
complex correlations berween the fearures, and where
reports are almost always in words (figure 1). Here
samples are even more difficult for machines to classify
because analysis is intimately linked to interpretation, and
:n subject to individual
lifficult to train a machine
es on a cervical cytology
fy such fearures into, for
to “moderate” dysplastic
¢ defined quite differently
only is there no absolute
a cell or of a cytological
ent of normality but also it
sunds of such “normality™
aages are so complex that
requires a highly adaprive

thematical function which
(eg, clinical features) to an
ikelihood of streptococcal
o a data set is modified by
rtificial neural nerwork is a
ssion model, the flexibility
uronal connections within
the network. Becker' illustrated the advantage of flexibility
when he used a network to classify peripheral blood
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Translational Al and Deep Learning in
Diagnostic Pathology

Ahmed Serag, Adrian fon-Margineanu, Hammad Qureshi, Ryan McMillan,
Marie-Judith Saint Martin, Jim Diamond, Paul O’'Reilly™ and Peter Hamilton ™

Lifa Sciancas A&D Hub, Digital and Computational Pathology, Phiips, Belfast, Unitad Kingdom

There has been an exponential growth in the application of Al in health and in pathology.
This is resulting in the innovation of deep learning technologies that are specifically aimed
at cellular imaging and practical applications that could transform diagnostic pathology.
This paper reviews the different approaches to deep learning in pathology, the public
grand challenges that have driven this innovation and a range of emerging applications
in patholegy. The translation of Al into clinical practice will require applications to be
embedded seamlessly within digital pathology workflows, driving an integrated approach
to diagnostics and providing pathologists with new tools that accelerate workflow and
OPEN ACCESS  improve diagnestic consistency and reduce errors. The clearance of digital pathology for
Edited by: primary diagnosis in the US by some manufacturers provides the platform on which
April Khadermi, to deliver practical Al. Al and computational pathology will continue to mature as
Ayerson University, Canaos  researchers, clinicians, industry, regulatory organizations and patient advocacy groups
Reviewedby: \worc together to innovate and deliver new technologies to health care providers:
Fermando Schmitt,
University of Porta, Poriugsl technologies which are better, faster, cheaper, mors precise, and safe.

Hi itas Rasearch Hospital, faly Keywords: pathology, digital pathology, artificial intelligence, computational pathology, image analysis, neural

otwork, doop loarming, machino loarning inflammatory cells.
*Comespondence:

Patar Hamitton
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Translational Al and Deep Learning in
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Cytological Images (step a)

Segmentation and morphometric feature extraction

Or

Transformation (for example Fourier transform)

Or

No processing (step b)

Artificial Neural Networks as Decision Support Tools
in Cytopathology: Past, Present, and Future

z, Libertas Academica
Abraham Pouliakis', Efrossyni Karakitsou?, Niki Margari', Panagiotis Bountris®, Maria Haritou?,
John Panayiotides?, Dimitrios Koutsouris® and Petros Karakitsos'

'Department of Cytopatnology, National and Kapodistrian University of Athens, Medical School, Attikon University Hospital, Athens, Greece
2nd Department of Pathology, National and Kapodistrian University of Athens, Medical School, Attikon University Hospital, Athens, Greece.
*Biomedical Engineering Labaratory, National Technical University of Athens, Athens, Greece. *Institute of Communication and Computer
Systems, Athens, Greece.

ABSTRACT

OBJECTIVE: This study aims to analyze the role of artificial neural networks (ANN) in cytopathology. More specifically, it aims to highlight the
importance of employing ANNs in existing and future applications and in identifying unexplored or poorly explored research topics.

STUDY DESIGN: A systematic search was conducted in scientific databases for articles related to cytopathology and ANN with respect to anatomical
places of the human body where cytopathology is performed. For each anatomic system/organ, the major outcomes described in the scientific literature are
presented and the most important aspects are highlighted.

RESULTS: The vast majority of ANN applications are related to cervical cytopathology, specifically for the ANN-based, semiautomated commercial
diagnostic system PAPNET. For cervical cytopathology, there is a plethora of studies relevant to the diagnostic accuracy; in addition, there are also efforts
evaluating cost-effectiveness and applications on primary, secondary, or hybrid screening. For the rest of the anatomical sites, such as the gastrointestinal
system, thyroid gland, urinary tract, and breast, there are significantly less efforts relevant to the application of ANNs. Additionally, there are still anatomi-
cal systems for which ANNs have never been applied on their cytological material.

CONCLUSIONS: Cytopathology is an ideal discipline to apply ANNG. In general, diagnosis is performed by experts via the light microscope. However,
this approach introduces subjectivity, because this is not a universal and objective measurement process. This has resulted in the existence of a gray zone
between normal and pathological cases. From the analysis of related articles, it is obvious that there is a need to perform more thorough analyses, using
extensive number of cases and particularly for the nonexplored organs. Efforts to apply such systems within the laboratory test environment are required
for their future uptake.

KEYWORDS: artificial neural networks, neural networks, artificial intelligence, cytopathology, cytology, review, automation, computer-assisted
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(clinical/demographic data,
descriptive cytological
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Introduction

Computer science and artificial intelligence have enabled the
development of computer-aided systems to support clinical diag-
nosis or therapeutic and treatment decisions. Many machine
learning methodologies such as neural networks,'7 discrimi-

182 classification and regression trees,!!!

nant analysis, genetic
algorithms,'? and recently, decp learning’>* have been success-
fully used in medicine, whereas other techniques are in the cen-
ter of current research studies.

Cytopathology is a relatively new medical discipline,
which in most countries is considered to be a branch of
pathology. In cytopathology, diseases are studied and diag-
nosed at a cellular level (free cells or small tissue fragments
traditionally examined via the microscope). This discipline

was founded by Papanicolaou in 1928'® and became popular

when he proposed the worldwide known Pap test. This test
is used as a screening tool for detecting precancerous cervi-
cal lesions and thus preventing cervical cancer (CxCa).'%1#
However, CxCa is not the sole disease that cytopathol-
ogy deals with. Even in its early days,'”! cytopathology
was commonly used to investigate thyroid lesions, fluids
in body cavities (peritoneal, pleural, pericardial, and cere-
brospinal), and in almost the total range of body sites. In
addition, cell study is not only used for cancer diagnosis,
but it can also be employed for the diagnosis of infectious
diseases and inflammatory conditions (eg, viruses, fungi,
and bacteria). One of the major advantages of cytopathol-
ogy practice is its noninvasive or minimally invasive nature,
ie, the biological material is extracted from the patients in
a painless manner (cg, cclls arc extracted using a brush,

BIOMEDICAL ENGINEERING AND COMPUTATIONAL BIOLOGY 2016:7 l 1
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Case classification
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Predicting Infectious Disease Using Deep Learning
and Big Data /—\

Variab Source / Description \ Number of Observations
Sangwon Chae, Sungjun Kwon and Donghyun Lee *

. . . X . . . . . CDC Daily number of confirmed
Department of Business Administration, Korea Polytechnic University, 237 Sangidaehak-ro, Siheung-si, infectious disease diagnoses
Gyeonggi-do 15073, Korea; chaesw1993@kpu.ac.kr (5.C.); solomonseal@kpu.ackr (5.K.)

* Correspondence: madeby2@gmail.com; Tel.: +82-031-8041-0761

Naver Naver Data Lab Daily Naver search frequency

Twitter Daily numbe.r of Twitter
mentions

Average daily temperature for
KMA all of South Korea

check for

. ) Twitter
Received: 22 June 2018; Accepted: 24 July 2018; Published: 27 July 2018 updates

Abstract: Infectious disease occurs when a person is infected by a p"lthogen frogpeOther perso Temperature

%. The Korea Center

Humidity
1s difficult to immediately ("Il_t against infectious disease because of mlssmg

and delayed reports Moreover, infectious disease trends are not known, which means prediction
is not easy. This study predicts infectious diseases by optimizing the parameters of deep learning

verage daily humidity for al
of South Korea
algorithms while considering big data including social media data. The performance of the deep
neural network (DNN) and long-short term memory (LSTM) learning models were compared with

the autoregressi\-'e integrated moving average (ARIMA) when pnedicting three infectious diseases one 7
o the future. Bemiaghow that the DNN and LSTM models perform better than ARIMA. E 6 T N A
hen predlctmg d’l]CkEl‘lPDX gptop-10 DNN and LSTM models improved average performance l'oo O l’ GTO
)

accurate when mfechous disease was spreading. We believe that this study’s mode]s can help
ipate reporting delays in existing surveillance systems and, therefore, minimize costs to socig

Keywords: infectious disease pnediction; deep neural network; long short-term memory; deep leam.ing;
social media big data
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* AoylouIkO dlayvwong aocBeveiwy TTou BacileTal o€ avaAuon
MOAVOTATWY £XEI TTAEOV ATTOKTAOEI TIC IKAVOTNTEC EUTTEIPWYV IATPWYV
o€ TTOAAEG €10IKOTNTEC (Xprion o€ utrofondnon didyvwaong).

o Kammoia ammo auta diatibevral eAeuBepa oT10 OIadiKTUO, TI.X.
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Symptomate gives you an accurate
evaluation of your health

Add your symptoms

aaaaaaaaaaaaaaaa
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R Introduction
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The effect of climate change on cholera
disease: The road ahead using artificial neural
network
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Abstract

Climate change has been described to raise outbreaks of water-born infectious diseases
and increases public health concerns. This study aimed at finding out these impacts on chol-
era infections by using Artificial Neural Networks (ANNs) from 2021 to 2050. Daily data for
cholera infection cases in Qom city, which is located in the center of Iran, were analyzed
from 1998 to 2016. To determine the best lag time and combination of inputs, Gamma Test
(GT) was applied. General circulation model outputs were utilized to project future climate
pattern under two scenarios of Representative Concentration Pathway (RGP2.6 and
RCPB8.5). Statistical downscaling was done to
weather dataset. ANNs were applied for,
The observed climate variables includi maximum and minimum temperatures and precipi-
tation were tagged as predictors in ANNSY a cases were considered as the tar
come variable. Projected future (2020—-2050) clim:
assess future cholera incidence. A seasonal trend in cholera infection was seen. Our results
elucidated that the best lag time was 21 days. According to the results of downscaling tool,
future climate in the study area by 2050 will be warmer and wetter. Simulation of cholera
cases indicated that there is a clear trend of increasing cholera cases under the worst sce-
nario (RCP8.5) by the year 2050 and the highest cholera cases observe in warmer months.
The precipitation was recognized as the most effective input variable by sensitivity analysis.
We observed a significant correlation between low precipitation and cholera infection. There
is a strong evidence to show that cholera disease is correlated with environment variables,
as low precipitation and high temperatures in warmer months could provide the swifter bac-
terial replication. These conditions in Iran, especially in the central parts, may raise the chol-
era infection rates. Furthermore, ANNSs is an executive tool to simulate the impact of climate
change on cholera to estimate the future trend of cholera incidence for adopting protective
measures in endemic areas.

ing the impact of climate change on cl
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Cholera. Dai
lected from the records 0

cholera prevalence Mlata from January 1998 to December 2016 were col-

enters for Disease Control and Prevention” at Qom Univer-

sity of Medical Sciences. Systematic cholera surveillance has been started working from 1998
epidemic in Qom, Iran; therefore, there was not available any cholera data for previous year.
The suspected cholera cases were diagnosed by the conventional culture technique and con-
firmed as cholera case-counts.

Meteorological data
nization

Meteorological data were collected from Iran Meteorological Orga-
or the period of 1976 to 2016. Data were collected regarding daily minimum

BMC Med Inform Decis Mak. 2019 Aug 23;19(1):171. doi: 10.1186/s12911-019-0878-9.

Using artificial intelligence to reduce diagnostic workload without compromising
detection of urinary tract infections.

Burton RJ"-2, Albur M3, Eberl M5, Cuff SM4.

# Author information

Abstract

BACKGROUND: A substantial proportion of mncroblolo'
urinary tract infections (UTIs), yet approxi
reducing the number of query samples to be cultured a
which there are true microbial infections, a significant improvement in efficiency of the service is possible.

METHODOLOGY: Screening process for urine samples prior to culture was modelled in a single clinical microbiology
laboratory covering three hospitals and community services across Bristol and Bath, UK. Retrospective analysis of all
urine microscopy, culture, and sensitivity reports over one year was used to compare two methods of classification: a
heunstlc model usmg a combination of white blood cell count and bactenal count, and a machlne Iearnlng approach

samples from preg Da |ents and children (age 11 or younger) require independent evaluation. First the removal of
pregnant patients and children from the classification process was investigated but this diminished the workload
reduction achieved. The optimal solution was found to be three Extreme Gradient Boosting algorithms, trained

independently for the classificali ients, children, and then all other patients. When combined, this
system granted a relati€g workload reduction of 41% apll a sensitivity of 95% for each of the stratified patient groups.
CONCLUSION: Based on the considerable time and cost savings achieved, without compromising the diagnostic
performance, the heuristic model was successfully implemented in routine clinical practice in the diagnostic laboratory

at Severn Pathology, Bristol. Our work shows the potential application of supervised machine learning models in
improving service efficiency at a time when demand often surpasses resources of public healthcare providers.

KEYWORDS: Algorithms; Diagnostic decision making; Laboratory medicine; Machine learning; Urinary tract infection

PMID: 31443706 PMCID: PMC6708133 DOI: 10.1186/s12911-019-0878-9
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@ does it work? Artificial intelligence software exchanges data with hospital CT sca@
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seconds.

Hospital CT scanner © Vall d'Hebron Barcelona Hospital campus, 2020

? frontiers
in Medicine

SYSTEMATIC REVIEW
published: 30 September 2021
doi: 10.3389/fmed.2021.704256

OPEN ACCESS

Edited by:
Reza Lashgan,
Shahid Beheshti University, Iran

Reviewed by:

Saeid Gorgin,

Iranian Research Organization for
Science and Technology, Iran

Seyed Mohammad Sadsgh Mavahed,
Shahid Beheshti University, lran

Hadi Chaubdar,

Shahid Beheshti University of Medical
Sciences, Iran

*Correspondence:
Hong Fan
fanhongfan@gqq.com
Yonggang Zhang
Jjebm_zhang@yahoo.com
Mike Clarke
m.clarke@qub.ac.uk

These authors have contributed
equally to this work and share first
authorship

Specialty section:

This article was submitted to
Infectious Diseases — Surveiliance,
Prevention and Treatment,

a section of the journal

Frontiers in Medicine

Received: 02 May 2021
Accepted: 09 August 2027
Published: 30 Septamber 2027

Citation:

Wang L, Zhang ¥, Wang D, Tong X,
Liu T, Zhang 8, Huang J, Zhang L,
Chen L, Fan H and Clarke M (2021)
Artificial Intelligence for COVID-18: A
Systematic Review.

Front. Med. 8:704256.

doi: 10.3389/fmed.2021.704256

®

Check for
Updates

Artificial Intelligence for COVID-19: A
Systematia

Lian Wang'?, Yonggang Zhang®®*!, Dongguang Wang', Xiang Tong', Tao Liu',
Shijie Zhang', Jizhen Huang', Li Zhang', Lingmin Chen*, Hong Fan'* and Mike Clarke®*

! Department of Respiratory and Critical Care Medicine, West China Hospital/West China School of Medicine, Sichuan
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China Hospital, Sichuan University, Chengdu, China, ? Chinese Evidence-Based Medicine Center, West China Hospital,
Sichuan University, Chengdlu, China, * Department of Anesthesiology and National Clinical Research Center for Genarics,
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Background: Recently, Coronavirus Disease 2019 (COVID-19), caused by severe acute
respiratory syndrome virus 2 (SARS-CoV-2), has affected more than 200 countries
and lead to enormous losses. This study systematically reviews the application of
Artificial Intelligence (Al) techniques in COVID-19, especially for diagnosis, estimation of
epidemic trends, prognosis, and exploration of effective and safe drugs and vaccines;
and discusses the potential limitations.

Methods: We report this systematic review following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines. We searched PubMed,
Embase and the Cochrane Library from inception to 189 September 2020 for published
studies of Al applications in COVID-19. We used PROBAST (prediction model risk of bias
assessment tool) to assess the quality of literature related to the d\agnoms and prognosis
of COVID-19. We registerga mglocol
Results: We |nc|ude

COV\D 19 with total accureey=o

articles evaluated{prognosis ased on clinical charactenstlcs at hospltal admission,
such as clinical, labOreser™8nd radiological characteristics, reaching accuracy of 74.4

to 95.20%, sensitivity of 72.8 to 98.00%, specifjelygf 55 to 96.87% and AUC
of 0.66 to QAA7 in predicting critical COVID- 1|c:|es used Al models to
predict tf the COVID-19, such as epidemic peak, iplasdeqrate, number
of infected =“transmissiol

Al to explore poteni i

2 - arily=shequiagh drug replfposing and drug
development. Fina @ B vaccife targets thgt have the potential to develop

COVID-19 vaccines.

Conclusions: In this review, we have shown that Al achieved high performance in
diagnosis, prognosis evaluation, epidemic prediction and drug discovery for COVID-19.
Al has the potential to enhance significantly existing medical and healthcare system
efficiency during the COVID-19 pandemic.

Keywords: artificial intelligence, COVID-19, diagnosis, prognosi: ion, epi ic pr ion, drug discovery 2
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