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Tt etvor teyvn vonpoovvn; TInyn Al

Texvnmi Nonuoouvn (TN): KAGDOG TTANPOPOPIKNG TTOU AVATITUOCEI
OUCTAMOTA & PUNXAVEC IKAVEG VO TTPOCONOIWVOUV avBpwTTIvn
vonuoaouvn.

EmiTp€TTel oTOUC UTTOAOYIOTEC Va pabaivouv atrd dedopéva, va
avayvwpilouv TTPOTUTTA, VA ETTIAUOUV TTPOBARNaTA KOl va AaupBavouv
ATTOPAOCEIC, EKTEAWVTAG EPYATIEC TTOU OUVHOWG aTTaITouV AvepwrTro.

‘Evag atro Toug 10puTEG TNG Al, 0 Marvin Minsky, To TrepIEypaye wg
«TAV ETTIOTAMUN TS KATAOKEUNC UNXAVWY TTOU KAVOUV TTPAYUATA TTOU
Oa atrairovocav vonuoouvn, av yivovrav atrdé Toug avlpwIitoucy.



Tu dev etvo Al mnyn Al

H Al opiletal AsiToupyIka Kal OXI METAPUOIKA.

21NV emmotAun N Al dev atraitei va £€xel ouoTnNUA OuveEIdNONG,
auToyvwaoia, ) avepwTrivn EPTTEIPIA.

ApKEei va TTapouaiadlel AEITOUPYIEC TTOU AVTIOTOIXOUV O€ EUpUN
OUMTTEPIPOPA.

H Al dpa ouxva utro aBeBaidotnta, agpou N euuia, QUOIKA N TEXVNTA,
EXEI vOnua, 101aiTepa OTav OeV UTTAPXEI TTANPNG TTANPOPOpIa.
2.UVOEETAI OUXVA UE:

o MBavotnrec.

2. TATIOTIKI 2ZUMTTEPACUATOAOYIA.
Oewpia ATTOPACEWV.
BeATioToTroinon,.

YTToAoyIOuO KIVOUVOU.



‘ Convolutional neural networks -CNN

«2ZUVEAIKTIKO» VEUPWVIKA s S
OUCTAMATA, N XPAoN Toug oTNV
latpik kai TV MNMaBoA. AvaTouikn.

YTToAoyIOTIKOI KOPOL.

A brief review of some artificial intelligence methods in nephrology

Kevin V. Lemley'
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Fig. 1 Schematic representation of a simple, multi-layer neural net.
The input layer (blue dots) may represent any type of dalta, for exam-
ple, part of a digital image of a Kidney biopsy. This layer feeds into a or normal. Say that Convolutional neural networks
network of connected hidden layers of nodes (green dots) with cach s is abnormal. From

node receiving (weighted) input from one or more nodes in a preced-
ing layer. After the intermediate hidden layers, the final output layer
(red dots) represents the distribution of different classes, for example,
whether the inpul represents a normal glomerulus or an abnormal
glomerulus




H e€&hén twv vevpwyinwy cuomudtwy oty

A ELOAOYY|OT KO EQIUTVELA LOTOAOYLUWY ELLOVOY

[TOAAEC avaKaAUWEIG, alyoupa OAEG
TTpoNyayav TNV TTICTAMN.

2.€ TTOAAEG TTEPITITWOEIC, BEATIWOAV TN
wn Kal TIG aTTOQACEIC TwV EIOIKWYV TNG
Yyeiag, aAAG TO OnNUAVTIKOTEPO,
Bordnoav aocbeveic.

Shafi S, Parwani AV. Diagn Pathol. 2023.



AvonoddeLg

ApxEc 20° aiwva: NaboAoyikry AvaTOUIKN, VEOC ETTIOTNUOV. KAGDOC.
1953: avakadAuwn NG OITTANG €AiIkag Tou DNA.

1956: John McCarthy, Artificial Intelligence.

1959: Arthur Samuel, Machine learning.

1980: AvoooioToxnueia.

1986: Rina Dechter, Deep learning.

1988: Yan Le Cun, Convolutional neural networks.

2004: Precision medicine.

2010: NGS

2021: FDA adeciodorei Al software va avixveuel Ca TpooTarn.



AvonoddeLg

TIC Exoupe apaye, OAEC A@POPOIWOEL,

E1d1koi NON WIAOUV yia TNV avaykn TTEPICCOTEPOU XPOVOU, YIa VEQ
EKMAONON, apouoiwon & TTPOCAPUOYH.

AvaTTOPEUKTEC OUYKpPIoEIC: [olog gival TTIo atrapaitnTog, £vac latpocg
N £€vac PNXavikog UTToAoyioTwy, TTou 6a avaTpo@odoTeEi To cUoTNUA;

AvAykKn yia vEa oTpATNYIKA/VEDO OXEDIAOUO TWV CUOTNMATWY YYEiac.

Avaykn yia «OTAMATAMO» TOU XPOVOU Kal TWV AVAKAAUWEWY,
TTPOKEIPEVOU VA TIC HEAETAOOUME KAAUTEPQ, VA EKUETAAAEUTOUE
KAAUTEPQA TIC VEEC DUVATOTNTEC, OMWG Ol £CENICEIC TPEXOUV!

[MpoAafaivouue dpaye va a@OPOIWOOUNE TNV TTPO0OO0, 1 eV gival
ATTAPAITATO YIQ TNV EUNUEPIA UAG;



Al: Machine learning + Deep learning.

Machine learning: avayvwpilel TrpoTtutra (ground truth), 6TTWC
OTTEIPAMATA, KOl UTTOPEI va BEATIWOEI ETA aTTO TTAPEPBAON
avBpwTtrou (supervised learning).

Deep learning: emre€epyadetal o oUvOeTEC TTANPOPOpPIEC uEoa
a1Td UTTOAOYIOTIKOUC KOMBoug (neural networks), utropei va
eCAYEI CUNTTEQACUATA XWPIC TNV avBpwTTivn TTapEuBaon, va
Bpel oxXEoEIC NETACU TWV OEDOUEVWIV, N KAl EUPHUATA O€
EIKOVEG TTOU gV QaivovTal JE TO AvOPWTTIVO PATI.

Hou J et al CJASN 2020



Al roadmap for clinical integration in nephrology | 3

Timeline of Al in Nephrology

Regulatory movement
Deep learning entry « Al as medical software (SaMD) Multi-model & RL models

+ CNNs for renal biopsy + Early CDS governance and model + EHR + imaging + genomics
and radiology oversight in nephrology and transplant

2005-2010 2018-2019 2022-2023 2025+

Q U V T 4 T T i 2014-2016 2020 2024-2025 i
r] Early prediction tools ML rigk stratification Generative Al arrives Precision Al era
r + Logistic models, + AKICKD risk tools, + GPT for notes, triage, + Digital twins, real-time Al,
GVG T O O 6 O T G eGFR, KFRE KDIGO/ISN pilots patient education prospective validation
I I r] r] g Figure 1: Timeline of Al in nephrology. The figure cutlines key P s in Al from early rule-based | tocls to deep learning for imaging,

ML-based risk models, regulatory approvals and the clinical adoption of generative Al Recent advances include multimodal and reinforcement leaming models, with
the field now entering a precision Al era focused on digital twins, real-time validation and implementation. GPT, Generative Pretrained Transformer: ISN, International
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@ + Pixel-wise masks + feature quantification
r
“ G e n G r] » . @ Feature Embedding

Whole Slide Imaging (WSI)
+ High-res slide scan (H&E, PAS etc)
« Digital pathology images

Report Generator

Draft Lexl
+ Morphology
+ Graphs, vectors, patches Auxiliary Modules
+ Structured rapresentations O
Diagnosis & Prediction Model Tuning

+ Multimodal Al classifier

4

Thie rtlinae tha H i fil, firr AT_acci, A ranal nathalame Tnnnt ennreae inelnd

A feedback loop allows pathologist mput to reflne and retraln the model, supporting
continuous learning and performance optimization

W. Cheungpasitporn et al Clinical Kidney Journal, 2026



Multimodal Components of an Al-Based Kidney
Transplant Rejection Prediction Model

0O

Clinical Data
+ Age, sex, race

« Primary, kidney disease
« Delayed graft function
* Time since transplant

Laboratory Data
+ Biopsy scores

(Banff
Classification)

* TCMR, ABMR/

borderline features

« Glomerulitis,

tubulitis, arteritis

Histopathology

+ Transcriptomics

(e.g., via molecular
microscope)

+ Gene expression
panels (e.g., kSORT,

AlloMap Kidney)

!

:g_:'}

+» Multimodal Fusion & Production «

|

Personalized Transplant
Rejection Risk Score

Molecular Data

* Renal ultrasound
(echogenicity,
resistive index)

+ Perfusion MRI or
contrast-enhanced
ultrasound (CEUS)

* miRNA or donor-
derived cfDNA

Imaging & Monitoring
+ Renal ultrasound

(echegenicity,
resistive index)

+ Perfusion MRI or

contrast-enhanced
ultrasound (CEUS)

* Remote monitoring

(BP, weight, vitals)




Al, vooot veppwy

H texvnTr) vonuoouvn eQapuoleTal OTNV KATATALN TWV VEPPIKWYV
VOOWV, OTNV TTOIOTIKA KAl TTOCOTIKA TACIVOUNON TWV OAAOILCEWV.

MTropei va BonBnoel oTnv akpifeia Kal TV avatToapaywyigoTnTa.

To puBuIOTIKO KOl avTatTodoTIKO TTEPIBAAAOV Ba kKaBopioel TTOCO
YPNYopa oI TEXVOAOYIEC aUTEC Ba e@apuocBouyv oTnV KAIVIKE TTPALN.

Bullow RD et al. Curr Opin Nephrol Hypertens. 2022



[ToAAEC OLVATOTNTES LTTOGYECT] VIO EVAL UAADTEQO LEAAOV

O1 Al TEXVIKEG NTTOPOUV HE OKPIBEIO va TTOCOTIKOTTOINOOUV T OIAUEDN
VWO, CWANVOPIAKN ATPOYIa KOl OTTEIPAUATOOKANPUVON,.

MTTropei va Bondnoel oe AlaBNTIKA VEQEOTTABEIO KAl € NETPNON TNG
ouvTNENGS TTOO0EIdWYV TTPOCEKBOAWY O€ TTOOOKUTTOTTADEIEC.

2 KAVAPWVTAG £Eva JUOVO TTAOKIDIO, UTTOPOUV Ta OEOONEVA VA

OUOYXETIOTOUV 0€ BAoelc OedopEVWY e OAO To RNA, TIC TTPWTEIVEC Kal
TO METABOAIKO TTPO@IA TOU 1I0TOU.

NAOYW TWV TTOAAWYV OEDOPEVWV (KAIVIKA KAl HOPIOKG OEDOUEVA, EIKOVEC
TOU 10TOU), Ba UTTOPECOUNPE VO ODOUUE OUCXETIOEIG, I VO EAEYCOUUE
UTTOBEOEIC TTOU TTPONYOUHEVWG OEV UTTOPOUCAE.

Goodman K et al. Kidney360, 2024



‘ AvvatOTNTA LOTOYNIUWY YOWGEWV!

IMMUNICATIONS | https://doi.org/10.1038/541467-021-25221-2 ART I C L E
) ) ) ) Stain-transformed Stain-transformed Stain-transformed
Unstained tissue section  Histochemically stained H&E Jones Masson's trichrome PAS

Histochemical
staining and imaging

Fig. 1 Overview of deep learning-based H&E stain transformation into special stains. Histochemical staining of H&E is digitally transformed using a deep
neural network into the special stains: (i) generation of JMS (purple arrow); (ii) generation of MT (red arrow); (iii) generation of PAS (blue arrow).

= Auvarotnta PeTaTPOTTAG TNG AlyatocuAivns/nwaoivng o PAS, Silver,
Masson, yEow UTttoAoyioTh!

= BeAniwOnke n didyvwaon moAAwv voowyv atrd 58 deiypata (p= 0.0095)

= H 1moI10TNTa TWV XPWOEWV NTAV TTOIOTIKA idIa YE TIC TTPAYMATIKEG
XPWOEIC.

De Haan K. et al. Nature Communications 2021



Al, Brodia 601N vewpod LooyeLUATOG

H avatmmapaywyigotnta, akopa Kal JeTagu €10Ikwyv Mad/pwy,
TTAPAPEVEI TTPOBANUA.

ATIO TNV GAAN TTAEUPQA, NEAETEC £XOUV OEICEl OTI N EPTTEIPIA Eival
QATTaPAITNTN YIAQ TNV agloAdynon Tou opyAavou, aAAd kail TNV

TTPOYyvVwWOon.
Girolami I, et al. 3 Nephrol. 2022

To povTéEAO peEiwoE TNV TBAVOTNTA AXPEIOOTNG ATTWAEIAC TWV
HOOXEUNATWY KaTa 37% o€ oxéon ue Touc Nab/avatéuouc (yevikoi, oxl

ECEIDIKEUPEVOL).
Marsh J et al, JAMA Network Open. 2021



Computational Segmentation and

A L g Yl T L%'}"] VE (P Q OT7T o'( 6 Sl Classification of Diabetic b e A,

Glomerular classification pipeline Agreement with renal pathologists

Senior pathologist - ground truth pe pérpia cup@wvia (Cohen’s
kappa k = 0.55 and 95% confidence interval 0.50, 0.60).

AMNAa eTTiTrEdO GUPQWVIAG e dUO AAAoug MNab/poug (K, = 0.68, 95%
interval [0.50, 0.86] and k, = 0.48, 95% interval [0.32, 0.64].

Ta atroteAéopaTta TG Al ATAV CUYKPICIHO ME TWV AVOPWTTWV.

2 NUAVTIK CUPQWVIa JE Ta OpIa TwV oTreipauaTtwy (0.93+0.04
balanced accuracy), & Ta douIKA oToIXEia TOU OTTEIpApaToC (glome-
rular structural components with 0.95 sensitivity and 0.99 specificity).

Kinley B et al. J Am Soc Nephrol 2019
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L 2 Deep Learning Could Diagnose Diabetic
j Nephropathy with Renal Pathological
B Immunofluorescent Images
"
E\:;LF,'I,LH:T',: Shinji Kitamura *'*, Kensaku Takahashi, Yizhen Sang, Kazuhiko Fukushima, Kenji Tsuji' and
functior Jlll'l Wada
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»
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Figure 1. The overview of convolution neural networkprogram. We used input data as six types of
renal immunofluorescent images, IgG, IgA, IgM, C3, Cl1q and Fibrinogen (Fib).

O1 d1a@opécC NTAV TTOAU PIKPEC JE TO avBpwTTIvO PATI oTov AD, dpwg
N Al kata@epe kal Bpnke diaPopEC.

H Al Ba yttopouce va diayvwoel AiaBnTIKA VEQPEOTTABEIO KOAUTEPA
a1ré avOpwITOUG.

H Al utropei kKal ecayayel XapakTnPIoTIKA EUPNMATA, AKOUA KAl ATTO
dedOPEVA TTOU O AVBPWTTOI OEV XPNOIMOTTOIOUV, YIOTI Oev Ta BAETTOUV.



Nephrol Dial Transplant (2023) 38: 1741-1751
https://doi.org/10.1093/ndt/gfad039
Advance Access publication date 15 February 2023

nephropathy

Deep learning automation of MEST-C classification in IgA

Adrien ]augeyl’z, Elise Maréchal®4, Georges Tarris*®, Michel Paindavoine!*?, Laurent Martin?®®,
Melchior Chabannes®, Mathilde Funes de la Vega®, Mélanie Chaintreuil®*, Coline Robier**,
Didier Ducloux*®7, Thomas Crépin®’, Sophie Felix®, Amélie Jacq®, Doris Calmo®, Claire Tinel*4,
Gilbert Zanetta®, Jean-Michel Rebibou®*’ and Mathieu Legendre®*’

O BaBudc cupwviag petagu NMaboAoyoavartopwy kai Al ATav KAAOS yia 1a
E, S, T ka1 C scores (kappa scores of 0.68, 0.79, 0.73 and 0.70,
respectively) kai JETPIOG yia TO M score (kappa score of 0.52).

(M) Check for updates

OPEN ACCESS

EDITED BY

Zhenhua Dai,

Guangdong Provincial Academy of Chinese
Medical Sciences, China

REVIEWED BY
Ruiming Rong.

Tvee Original Research

{'frontiers | Frontiers in Immunology PUBLISHED 05 July 2024

pol 10.3389/fimmu 20241438247

Deep learning-enabled
classification of kidney allograft
rejection on whole slide

histopathologic images




‘ O&ela ZwAnvaptonn BAaln

()

HE staining

PAS staining

ATTOTEAECMATA OTNV AvAyvVWPION UE
akpifela, Tou BaBuou TNS BAABNS TWV

owAnvapiwv.

Deep-learning model yia Tnv ekTipnon
ogciag owAnvaplakis BAGRNG.

Glomerulus
@ #FC1A36

Healthy tubules
@ #7eD321

Necrotic tubules

@ #FBETIC

Tubules with cast
@ #4A90E2

Figure 1. A-B Whole slide image of H & E (A) and PAS (B)-stained kidney section was digitalized using slide
scanner al 40x magnification. Randomly generated patch without annotations. B H&E and PAS staining images
of healthy tubules, necrotic tubules, and tubules with casts after cisplatin administration. C Randomly generated
patch with annotations comprised four different structures: “glomerulus,” “healthy tubules,” “necrotic tubules,”

and “tubule with cast”.

Thi Thuy Uyen Nguyen et al. Scientific Reports (2024)



Deep learning-based classification of kidney transplant p ®

pathology: a retrospective, multicentre, proof-of-concept

study

Jesper Kers*, Roman D Bijlow*, Barbara M Klinkhammer, Gerben E Breimer, Francesco Fontana, Adeyemi Adefidipe Abiola, Rianne Hofstraat, m
Garry L Corthals, Hessel Peters-Sengers, Sonja Djudjaj, Saskia von Stillfried, David L Hilscher, Tobias T Pieters, Arjan D van Zuilen,

Frederike | Bemelman, Azam S Nurmohamed, Maarten Naesens, Joris | T H Roelofs, Sandrine Horquin, Jiirgen Floege, Tri Q Nguyen,
Jakob N Kathert, Peter Boort

www.thelancet.com/digital-health Vol 4 January 2022

AvTi va avTikataoThooupe Toug MNab/poug, Ta JovTéEAa
UTTOPOUV va BEATILWOOOUV TO TEAIKO ATTOTEAEC Q.

Journal of Nephrology (2022) 35:1801-1808
hitps://doi.org/10.1007/540620-022-01327-8

SYSTEMATIC REVIEWS f‘)
Ghock fo

Artificial intelligence applications for pre-implantation kidney biopsy
pathology practice: a systematic review

llaria Girolami' - Liron Pantanowitz? - Stefano Marletta® - Meyke Hermsen? - Jeroen van der Laak* - Enrico Munari® -
Lucrezia Furian® - Fabio Vistoli” - Gianluigi Zaza® - Massimo Cardillo® - Loreto Gesualdo'® - Giovanni Gambaro!
Albino Eccher'?

Review, 7 HEAETEC OTNPIXONKAV KUPIWC 0 AANOIWOEIC OTTEIPANATWY
KOl O€ MIKPOTEPO BaBud o1o dIAPECO UTTOOTPWHA/OCWANVAPIa& ayyeia

Ta arroteAéouaTa NTav TTOAU KOAQ.

Tovioav Tn onuaaoia, e¢eIdIKEUMEVOI TTAB/avaTouol va EKTTAIOEUTOUV

TA JOVTEAQ KAI VA EVOWMATWOOUV KAIVIKEC TTAPANETPOL.



Atloheon Vo 1ot GOANVAOLANY] KTOOWLN

H avammapaywyiyotnta yetagu MNaboA/pwv Oev gival TTOAU KAAR.

OplopEVEC HEAETEC £DcICavV EAAEIYPN aTTOAUTNG TAUTIONG METAEU
avOPWTTWYV Kal UTTOAOYIOTIKWYV HEBOOWV.

AN\eC peAETEC €B€1Cav TNV TTINEVOUOA agia TNS avBpwTTIiving
EKTIUNONG, O QPKETEC KATAOTACEIC.

AvOpwsTtrol + Al ptropei va trapExouv padi augnuevn availuon
TTPOG OPEAOG TWV A0BEVWV.

Farris AB et al. Curr Opin Nephrol Hypertens. 2026



Deep learning-based histopathological  ¢f
assessment of renal tissue

Tr}rﬁmmem_ ‘ Convolutional Neural Network REShL:LtTpif B

[ alenenen dorses for segmentation renal tissue il

+ 9488 annotations and interstitium
segmentation

» Average DC' 0.88

+ Equal performance on
images external center
« For analysis of
nephrectomy and
biopsy samples

+ For healthy and
pathological tissue

TEST
« 20tral spla t biopsies
from two centers.

* 15 phrectomy samples

+ 82 transplant biopsies for
correfation with visual
(Banff) scoring of multiple

pathologists . CNN-based
quantifications
LEGEND - correlate significantly
Border with components Banff
Glomeruli scoring system
Undefined tubuli
Proximal tubuli
Eroama CONGLUSION
- " This ldypesenh(h e first CNN for multi- lsss egmentation of periodic acid-Schiff-
Atrophic tubuli 5
Kiterion staine bles and tr: Our CNN can be of aid for
sludnes renal h hology across centers and provides opportunities
No fill = interstitium for deep leaming ications in routine di {

Figure 5. Full segmentation of a transplant biopsy on whole-biopsy level. The (sclerotic) glomeruli segmentations by the CNN are

J ASMN i el i s

m  2NMUAVTIKEG CUOXETIOEIC OTNV agloAoynon YeTacu Mab/uwv &unxavwy.

u  O1 ynxavég dev KaTETACAV OWOTA Ta OKANPUOMEVA OTTEIPAUATA KAl
TOV QdEI0 XWPO TNG KAWag Tou Bowman, moavwc ecaiTiag hikpou
Ociyuartog.

= YWYnAR ouoxXETION YIA TOV APIOUO TWV CTTEIPAMATWY, AAAA n
OUOXETION ME TNV OIAMECN iVWoN KAl TN CWANVAPIAKK aTtpo@ia
(IFTA) Arav pétpia (0.58), n oTroia TrpoPaAvwg £ival CNUAVTIKOG

TTPOYVWOTIKOG TTAPAYOVTAG TNG £KBAONG TWV JOTXEUUATWY.

Hermsen M et al. JASN 30: 1968-1979, 2019




Artificial intelligence-enhanced interpretation of

kidney transplant biopsy: focus on rejection

Alton B. Farris®, Jeroen van der Laak®® and Dominique

van Midden®

Borde

M Glomeruli
Non-atrophic tubuli
Atrophic tubuli

Interstitium

PR - ohliahti )

Avadeign 0Awv

TWV OOUIKWYV
OTOIXEiIWV TOU

VEPPOU, KaBw¢

plant biopsy on level b chronic

FIGURE 1. Segmentation of a PASstained kidney
are dopicied

j in black, p

gl

in a different color than sclerotic glomeruli. With the atrophic tubules in dark-grey and
hols can more easily estimate the amount of interstitial fibrosis/tubular atrophy (IFTA]

202 www.co-transplantation.com

M Residual kidney tissue
[ Peritubular capillaries

FIGURE 3. Segmenlation of peritubular capillaries in a PASstained kidney transplant biopsy. This allows pathologists to
quickly assess the degree of peritubular capillaritis.

Volume 30 « Number 3 e June 2025

Avaodeicn
PAEYHOVWOWV
KUTTAPWYV O€ .
OO XEUMATOC.

Kal TNG ivwong.

= Emtuyxavel kaAutepn
OTITIKOTTOINGN AAAOIWCEWV.

Border
Glomeruli
Sclerotic glomeruli
Empty Bowmans's capsule
Non-atrophic tubuli
Atrophic tubuli
Arterioles and arteries
Interstitium

- Capsule

of a PAS-stained kidney transplant biopsy on whole-slide level.
Banff digital pathology working group Farris of of.

Detocted lymphocytos
[=] Detected monocytes

oh A

FIGURE 4. Detection of ly and ytes in a PAS. d kidney biopsy. This is a prallmmory result of
the MONKEY challenge, which is aimed 1o develop Al for the of infk y cells in kidney

Such @ model can be a helpful 1ol for pa'holognsts 1o estimate the presence and extent of inflammotory cells in 'he different
kidney P in o more fi ible manner. Al, artificial intelligence.

m 2uvexng Tpogpodotnon Evépyelac. MNwce dpwe Ba ecacpaliobei;
= Atroucidlouv PeAETEC Al JE pakpoxpovia ETTIRIWON HOOXEUUATOG.
= ATtroucidlouv péBodol va Treplopiouv 10 AdBoc¢ (bias).




[TAeovertnupata

AkpiBela (avixveuon JeTaoTACEWY, ME akpifBela ~100%).
AvaTtrapaywyiuornra.

TaxutnTa (KatauETPNON/TTOCOTIKOTTOINCN AAAOIWOEWY, ETTITPETTEI
oTov [NaB/uo va emKeEVTPWOEi o€ TTI0 OUCKOAA TTEPIOTATIKA).

AuvatoTtnTta TTpooBaong oTtn d1IAyvwaon Kal CUVETTWGS oTnV YYEia, o€
QTTOUMOKPUOMEVEC TTEPIOXEC, TTOU OEV DIaBETOUV eCe1dIkeupEVO ab/uo.

Aduvapia Tou avBpwTrou va eTTe¢epyacOei OAa Ta dedopEva.

AvakaAuyn vEwV dIayVWOTIKWY EUPNUATWY, Nl VEWV OXECEWV PETACU
OEOOMNEVWV TTOU TTEPVOUCAV ATTAPATAPNTEG.

Wnelotroinon, n epyaacia yiveral o dlaxelpioiun.
ATtToQUYN «AaBwv Koupaongy», ¢ekoupaon yia Tov avepwTro!

Nnyn Al * *O1 atravtiioeig Al ptropei va TrepiAaufdavouv Aaon).



Metlovextrpota

O 10T6¢ ouxva €xel artifacts, TTou ytTopei va epunvevcel o Nad/uog
TTOU £XEI ECOIKEIWOEI, aAAG OXI TO Al.

Ko6oT0g, T0 OTT0i0 UTTOPOUV VA KOAUWOUV JOVO HEYAAEC AKADNMIEC.
Aikailo; MeyaAa Keévrpa ue akpifda sofrwares, GAAa KEVTPaA Ye POBNvA.
‘Eykpion atré puBUICTIKEG APXEG, OTTWC TO FDA.

HOika SiIAAppaTa (Ta dedouéva acBevwy gival TTpooBaciya aTtro

TTOAAOUG, TTpoaTaTEUOVTAI ATTO I-clouds, TToU YTTOPEI OUWG Va
TTapafiacBouv aTtrd KAKOTTPOAIPETOUG).

Kivduvog yevikeuong: TTO00 UTTOPOUV va evuEPWBOUV Ta OUCTN-
Jarta, yia OAeg TIC TIOAvVEC epunVveiec piag aAAoiwong; «Context».
AladAoyog/emiKoIvwvia PJE KAIVIKOUG/TTANpo@opies: Towe n
AXIAAEIOC TITEPVA OAWYV TWV CUCTNUATWV...

AvTiKataoTaon avlpwTrwyv: Oa yivel o AvBpwTrog TTAAI GnNUAVTIKOG;

Goodman K et al. Kidney360, 2024
Jiang J et al. Curr Opin Nephrol Hypertens. 2022



Metlovextrpota

Aedouéva TTou Oev XAvovTal oTnV TTpaypaTiki wn, JTToPEi va xabouv
otnVv Al (akOpa Kal TO TTAPOUCIACTIKO £VOC aoBevouc, UTToPEi va
odnynoel uttoouveidnTa ag diIdyvwan).

Aedopéva TTou dev uTToPOoUV va TTEpacBouv o€ pia BAon, yiaTi Kal o
id10¢ 0 AvBpwTTOC deV YVWpPIlEl TN onNUAcia Toug, WoTOOO
UTTOOUVEIONTA UTTOPOUV VA TOV 0ONYNOOUV O€ ATTOpaOn.

MovTENa TTOU £XouV eKTTAIOEUOET o€ Evav TTANBUONO, UTTOPEI va unv
avTaTtoKpivovTal o€ AAAOV TTANBUCUO, TTPETTEI VA EUTTAOUTIOTOUV ATTO
aoBeveic DIAPOPETIKWV/AVTITIPOCWTTEUTIKWY TTANBUCUWV.
Atropaon: O avBpwTrog yvwpilel TIG ouveTTeleg, N Al ox1. Mia
ATTOQAC TTOU £XEI MIKPO TTOCOOTO OPAAHATOG OAAG oOoBAPES
OUVETTEIEG, UTTOPEI O AvOPWTTOC va unv TNV AGRer av dev givai
BERaiog, n Al Opwg Ba TN AdBel (1 TO avTioTPOoPOo, av TTPOKEITAI VIO TN
owTNEia Tou acBevoug).

Jiang J et al. Curr Opin Nephrol Hypertens. 2022



O: Brodieg yivovtow oAoEVR Al UXQOTEQEG. ..

44 USA states,123,372 native kidney biopsies.
Miss rate increased markedly from 2% in 2005

to 14% in 2020.

Miss Rate Over Time

Radiologists performed 5% of biopsies in 2005
and 95% in 2018 using smaller (18g/209)

needles 92% of the time.

Miss rate was significantly lower for

nephrologists.

In other studies, mainly from Radiologists, no

difference.

Nissen K et al. Kidney International Reports (2022)
Sousanieh G. Am J Nephrol 2020




H moaypatinn epwtnon:
Aev gival av o INaB/uocg 6a avrikaraoTaBei atro Tnv Al, aAAG TTwg Ba
UTTOPECOUME VA XPNOIUOTIOINOOUME UE TOV KOAUTEPO TPOTIO TIG
TEXVIKEC, YIA TO OPEANOC TOU a0BeVOUG.

[1t0avo:

H Al va AsiToupynjo€l TTpog TNV KATeubuvaon TG apIoTEIAc, va PEIWOEI
0 POAOC oplouEVWY Mab/Téuwyv TTou dev AdupBavav atroPAcElc, OV
EKavav agloAOYIKEC KPIoEIC, aANG HAPKAPAV TTEPIOXEC OE Screening
TTAaKIOiwv, ) utTToBaBuIcuévwy EpyaoTtnpiwy, xwpeic duvaTtoTnTa
TEXVIKWV.

Eivow o avbpwnog 1t O anoyactoet. ..

To mapadelyua TG avakaAuyng Tou paxaiplou, TG TTUPNVIKNAG
evépyelag KATT. Eival o avBpwTrog 11 Ba atropaacioel.




Oa avtataotadovy ot [Tad/ por and ™y Al

NMnyn Al*:

H emkparouoa amroyn oTnv 1aTpikn Koivotnta dev gival o011 N Al Ba
avTikataoThoel Toug INaBoA/poug, aAAa OTI Ba AsiIToupynoel wg Eva
TTavVioXupo €pyaAEgio UTTOOTAPIENS TTOU Ba avaBabuioel Tov poAo.
Av kai opiopévec TTpoBAEwelc (Bill Gates) ava@Eépouv eupuTtepn
QVTIKOTACTOON 1ATPIKWYV EI0IKOTATWY £w¢ To 2035, n MNMaboA. Av. Bew-
PEITAI £vaC TOMEAC OTTOU N avOpWTTIVN KPion TTOPAMEVEI CNMAVTIKNA

MNati o avlpwITOog TTaPAPEVEI ATTAPAITNTOG:

o MoAutrAokoTtnTta: O1 oTTAvIEC TTABAOCEIC ATTAITOUV CUVOUQCTIKI) OKEWN
Tou n Al dev dIaBETEl.

o Euluvn: H teAikiy yvwudrteuon Kai n eubuvn yia tn diayvwaon Tou
aoBevouc avrkouv aTov avBpwTro yiaTpo.

o KAIvikA ZuoxéTion: H evowuartwon Twy eupnuATwy OTO 1ATPIKO

I0TOPIKO TOU a00evOoUC aTTaITEL avOpWITTIVA KPion.
*O1 atravtioeig Al ytropei va repiAapgpavouv Adaon.



Oa avtinataotaboby ot [Tab/ ot ot Brodio vewpo;

AutopatoTtroinon & lNoooTikoTtroinon (oTreIp/OKARpUVOn, ivwaon KATT).
BeATiwpevn AkpiBela (Meiwon OPAAUATWY).
[Mpoyvwon (avaAuon €IKOVWY, £CEAIEN vOOOU).

Wnoeiakéc diagpaveiec: H xprijon Whole Slide Imaging (WSI) emiTpéTTel
Al va capwvel To dgiyua, va eTTIoNUaivel UTTOTITEC TTEPIOXEC oToV [1aP.

MNati dev 0a avrikatacTabouv (Mepropicuoi).

2uvBeTn Aidyvwon: H v. Bioyia atraitei oAokKAnpwuévn agloAdynon
(PWTOVIKO MIKPOOKOTTIO, avooopBopioud, HM) & cuoxETion e 1O
I0OTOPIKO TOU aoBevouc, KATI TTou N Al dev UTTOpEi va KAvel povn TnG.
‘EAAeipn Aedopévwy & Noiotnta, AvBpwTrivog lNapayovrtag.

EuBuvn & «Maupo Kouri»: H aduvapia epunveiag Tou TpOTIOU E TOV
otroio n Al kataAnyel o€ pia diayvwaon (explainable Al) kaBioTta
QTTAPAITNTO TOV AVBPWTTO YIa TNV TEAIKN £TTIBERAIWON.

*O1 atravtioeig Al ytropei va repiAapgpavouv Adaon.



2 OUTEQAC AT
(Al: Dihog 7 eybpog, Aabog 1o epwtnpal)

2. NUAVTIKO Kal XPNOIYO EpYaAEio, OV UTTO/AVTIKABIOTA, avTiBeTa
uTTOPEI Va BonBnoel otnv oAoKANpwaon TNG EpPNVEiag piag Bioyiag,
ME CUNTTANPWHATIK Opaaon.

Eival A\aBoc¢ va tnv utroekTiufiooupue (yiati TNV XpelalopaoTe), aAAd
AGBOC €ival Kal TO avTiBETO, N UTTEPEKTIUNON — €ival EPYaAEio TOu
avBpwTTou, Kal OXI AVTIKATAOTATNG.

Towcg n arédoaor) TNG gival KAAUTEPN ATTO PN £CEIDIKEUMEVOUG
[MaB/uoucg 1Tou dev AduBavav atroPpAcElg, JTTOPEI KAAUTEPA ATTO TO
UETPIO aiyoupa (To XPelalOuaaOTE), MTTOPEI OJWGS TO APICTO;
MTTOPEI VO TTPOAYEl TNV APIOTEIA TWV AvOpWTTWV!

MT1Topei OpwS va KaTaAnCel Kal o€ dUOTOTTIA, JE KOKNA Xprion, TNV
eubuvn OUWC, TNV €XEI TTAVTA O AvOpwTTOC Kail Ox1 N Al.



ATO tawvia «12 monkeys», 1995, oknvoBetnc Terry Gilliam

BEuyaptotw!




