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" Artificial intelligence vs machine learning

" Artificial intelligence 1n ophtalmology

" What is (NOT) artificial intelligence

" What 1t means (for a machine) to learn

" The three main categories of machine learning
" Data, features, labels, evaluation metrics

" Bias and interpretability issues

" To conclude

Si dichiara assenza di conflitto di interessi commerciali nel
campo sanitario
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Artificial intelligence (or
machine learning?)

Natural Language

Processing . .
Fuzzy Inference Systems S : Artificial intelligence (Al)
Evolutionary Computatig Artificial mtelllgence Any techniques that enable machines to solve a task in a

way like humans do

Machine learning (ML)

Algorithms that allow computers to learn from examples
without being explicitly programmed

Artificial neural
networks - s Artificial neural networks (ANN)

Brain-inspired machine learning models

Deep ,
; A subset of ML which uses deep artificial neural networks

as models and automatically builds a hierarchy of data
representations

Generative Al <
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Artificial intelligence 1in

Armhhda Toumnal A~

REVIEW

Curr Opin Ophthaimol 2026, 37 000000
DOLD 108750 CO0000DDD0NN 226

' “ The evolving role of artificial intelligence in
ophthalmology: basic science, translation, and
clinical integration

Meghan N. Miller”, David Hsu®, Prashant D. Tailo® and Matthew R. Stars

Purpose of review
Cphthoimalogy has ommgad o the  proving ground for medical antficial Intellgence (Al] because of its
Imagingcantiic wordlows, d dat odquishicn, and well defined clinicd sedpaints. Racently. e

feld hos starled transtoning from narrowly tained, sk spcc-hc algorithms toward multimodal models that
ame iresnad on lorge datesels ond can be adapted 10 many lasks These models may Inkgrate mlommation

om images, foxd, and clinical datd and are mcreasingly tricked in realwodd sattings. This review exomines
recant adhvances ond pogoing controversian n the wse of Al ox o bosic scence, vandotional, and dinkal
rasearch tool in ophtholmalogy.

Multi-modal models and
large-scale integration of

images, clinical and omics
data

Curr Opim Ophthalmol 2070 37230241
RO 10108100 DOOODN0OO000 | 209

REVIEW

@"’ Opportunities and challenges in leveraging

multiomics and hiobanks for vision science

Dolly Ann Padovan-Claudio™® and Lisa Bastarache”

Purpose of review

Emaiging bicbork resources clow largescae inegration of syospecific phenceypes with clinical,

ond mulsomic doto. This comvergence enoblas unpracedented opporunities to sysssmoncally dissact the
ponetic orchitechrs, apidemiclogy, and mechanishc pothvways of both rore morogenic ond common
polygenic disacrves. The review cims te criticoly exomine how contemporary date exioctian, muiamics
ond analytic mathedologias are reshaping disecw dassificalion, genetic discovery, and ironsleticnal
research in ophtholmology. whils kighlightng $e ossocioled chollanges in laveraging these odvonced lools
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Artificial intelligence 1in

ophtalmology

TECHNIQUES

Agentic Artificial Intelligence in Eye Banking: A Proposed
Workflow

Ranit Karmakar, PhD,* Elizabeth Kassahun Kiros, MD, MPH, * Siddharvth Nath, MD. PhD. ¥
Pearse A, Keane. MD. MSc,} Krishma Kumar,§ John Lohmeier, CEBT.§ Shameema Sikder, MD,
Eric Meinecke, CEBT.® Chris Hanna, MBA, ( '1:'87'" and Allen Q. Eghrari, MDD, MPHY

wunsplantation. It camies implications K bath limued  resource

Purpose: To develop an agentic urtifivial imelligence (AD e Gosjngs and the broader comext of tansplantsion medicine.
work that streamlioes and furdizes eye bank operations by

ing dovor s ing, image snalysin. and lissise sutability Kev Words: andficial imeclligence, AL eve banking, specular
uxsessment ander expernt supervision TR ONYy

Standardization of eye bank
operations by automating donors’
screening, image analysis, and tissue
suitability assessment
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Artificial intelligence 1in

Article © AC li {
A foundaEion model for generalizabl:':e sease

detection from retinal images

Yukun Zhou & Mark A, Chia, Sigafried K, Wagner. Murat S, Avban Dominic. ), Willlamsen. Rebbert B,

Srruyven, Timing Liu, Moucheng Xu, Mateo G. Lozane, Peter Woodward-Court, Yuka Kihata UK Biobank

Eye & Vsion Consortium, Andre Altmann, Aaron Y. Lee, Eric ). Topol, Alastair K, Denniston, Daniel C.

Alexander & Pearse A, (rpnrg

Nature 622, 156-163 (2023} | Cite this article

Article Open access  Published: 29 August 2025

An artificial intelligence cloud platform for OCT-based
retinal anomalies screening system in real clinical
environments

Xinjlan Chen B2, Jingtao Wang, Tianwel Guan, Jingcheng Wang, Yiming Ding, Su Zhang, Jingjing Liag, Qlan

Cheng, Ting Yang, Muhammad Mateen, Yu Fan, Zongming Sang, Jili Chen, Suyan LI, Jlanmin Hy, Wentao

Yan, Haoyu Chen, Wencan Wy, Jing Huang, Tien Yin Wong B & xun xu &

npf Digital Medicine 8, Article number: 559 (2025) | Cite this article

Article  Open access  Published: 25 September 2025

Multimodal foundation model and benchmark for
comprehensive retinal OCT image analysis

Faustmann, Marzieh Oghbaie, Ursula Schmidt-Erfurth & Hrvoje Bot:lunovnz8

npy Digital Medicine 8, Article number; 576 (2025) | Cite this article

ORICINAL ARTICLE f X inB W

Development and Validation of a Multimodal
Multitask Vision Foundation Model for
Generalist Ophthalnuc Artificial Intelhgence

Ammlnux»"‘)n. Ph anWu, MO, D Haa Wol, MSc. @ | Peilun Shi, M Res @ | Minging Zhang

MS @ Yurwun Sun, MD.PHD. @ Linl PhD @ | a8 |, sad Wu Yuan, Ph D Authar Info & Affiliations

Publiched November 27, 2024 | NEJM Al 2024;1(12) | DOI: 10.1056/A10a2300221 | YOL. 1 NO. 12

@s1Bo XV||| CORSO NAZIONALE SIBO 2026




Artificial intelligence 1in

Cureus
Part of SPRINGER NATURE Open Access Original Article

Assessment ofiGenerative)Artificial Intelligence

Review began DB/1272024
Review ended 08222024
Publinhed O 282004

© Copyright 2024 s
Mok ot =i This  an open access articie | el
dalrituted under the lerms of the Credivg i
Commons Astribeation License CC-8Y 40
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o reproduction n any medium, peosded
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FIGURE 6: PKP

PKP medical illustrations created by the generative Al models after inputting final prompt number 6 (Table 1).
Panel (a) final image generated by DALL-E 3. Panel (b) final image generated by MIM
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" ChatGPT is a chatbot based on a generative AI architecture named

transformer
" GPT (Generative Pretrained Transformer) is a large language model trained
with contents available online
" The name alludes the purpose, that is, it transforms things (e.g.
translation): (input) text — (output) text

" ChatGPT does not know what it is talking about:
" Tt concatenates the most likely sequence of words to correctly answer the

prompt, but:
it does not understand the prompt and it does not know the context for the

answer
= Tt is not designed to create logically coherent, consistent, nor truth-

based sentences
(there is no mechanism for verifying truth and correctness)

" Since GPT is not based on truth or on reliable sources, it can

esfBE XAI| CORED NAZIDNRLE SRG Yh)ecompretely FALSE texts T

BT+ ~Aan ~+eate FAalema AA~A~11mentae Annsreant Farmr+Fae AanA o+ at+reameentoe ~1+A nAN —



r
HYPE E\IEHYWHEHE]_’V”_

@S1BO XVII| CORSO NAZIONALE SIBO 2026



What artificial intelligence 1is,
actual

Computer Science
mathematics
machine  &F5

learning

)
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" Tn order to learn, machines need to be trained with
data

" Machine learning is a computational/statistical tool
that can be used to solve problems and make inference
on a wide range of problems

®= Thanks to their huge processing power, machines can quickly
highlight or find patterns in big data that would have otherwise
been missed by human beings

= The fundamental goal of 1s to generalize beyond the
training samples, that 1s, to successfully interpret

The task you are trying to The type, quallty and

accomplish, 1i.e. amount of data that you

learﬁ, depehdlng en
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The three main categories of

machin e m (THESE Lo0K ]
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CLASS|CAL MACHINE LEARNING
CLASSIFICATION CLUSTERING Find hidden
by ASSOC|ATION
. Vs aFind What clothes | often
/ REGRESS‘ON 3| %) w-_-arr totietherw

Data is pre-categorized Data 18 not labeled
or numerical A Y NO LABELS
SUPERVISED UNSUPERVISED
a cr.\;;;igy Predct by nLl;V \dentify Sequances
= a mumper
aDivide the socks by colorn aSplit ‘."E’t;"":;l:c"k;}f("'“q dependencios
«Divide the tes by lenathn

gk DIMENSION
(generalization)

aMake the best outfits fram the given clothesn

@)
truth data

- Measurability of models’
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m A feature 1s a characteristic or a measurable
property of the data
" Features can be quantitative (numeric values) or
qualitative (string labels)

" F'or i1nstance, a quantitative feature in OCT could

From: Evaluatian of thickness of individual macular retinal layers in disbetic =yves from aetical cohierenss tomoaragh

A) ETORS Thickness map___B) Macular B-scan with 10 intrarotnai layers | — The label is a chosen
: i# | feature, used for
cow | training and for model
“eose | evaluation.
e 2 196.:::
. For instance, health
Guter repion Grmm status:
sty WA Tre mahea LN + Patient with multiple

sclerosis
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The importance of labels..

HOW TO CONFUSE
MACHINE LEARNING
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How supervised learning works:
classification task

Initial
Pata

STEP 2

Feed the machine new, unlabeled information to see if it tags
new data appropriately. If not, continue refining the algorithm

STEP|

Provide the machine learning algorithm categorized or
“labeled” input and output data from to learn

/K Splitting ‘ —

a2 ) e “CATS”
Label V \
| "TATS"< > @ !
fe X (o a (A “NOT CATS”
0%  20%  20% || MACHINE % MACHINE '
== —=_ J J

ks GO oo
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Supervised learning — Neural

networks |

" A neural network consists of layers of
interconnected neurons that c?gggﬁate—ts\gglve a
classification task

Here is learning!

cat
not cat

~N

e

Input layer: no computation is done Hidden layer(s): hidden Output layer: an

here, neurons “activation function” maps
the input neurons just pass the transfer the weights from the network results to the
information the input output class

eSIBOtVIH-CORSO NAZIONALE SIBO!2026 to the folloving

aver



Supervised learning - Deep neural

@ WITH MIGH ACTIVATION POSITIVE Wil

O WITH MEDTUN ACTIVATION ~ NEGATIVE WEIGHT
[ WITH NO ACTIVATION

INFUT LAYER \ .
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" Which neural network architq

w : : | Neural Network Activation Functions: a small subset!
" How many layers? HOW many NeUIrO]:ssses, :ii, iii, i

SIS Dugee Tughe Tigee 7 s g
" Which activation function? | ........ e || = ‘ i

. . ; tiitss k| I SR I O 4
"Which loss function? ¥oat o= pStun| ! == |

. L . RS e A
" Which optimization algorithr e r ; |

s T s i

. Ao Seacagion Furaie ’ ‘—/ A B

" Which data? e = o
o ) ] Mo [T Ward Sgmeld

»' - o ) ;
" How many samples? N il . %j” :\_/“
" How many features? R ; Yl “;P/
|

* Are the labels reliable/accurat{ : 2 temh()
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. o | o -Tham, £
"Given a classification of a specific data setsy bﬂsl

can obtain:

true positives and negatives (TP, TN), false positives
and negatives (FP, FN)

B )\ Metric Formula Interpretation goodness o f a
TP + TN .
I Accuracy Overall perfarmance of model Accuracy measures the proportion of
TP + TN+ FP + FN correct predictions out of all
o TP B o predictions
Precision ﬁ How accurate the positive predictions are
Recall L Coverage of actual positive sample
Sensitivity TP + FN Yereg ciual positiv P Sensitivity measures the proportion
TN of actual positives that are
Specificity T:E_;Tﬁg Coverage of actual negative sample correctly identified as such
aTP Specificity measures the proportion
F1 score TP — FP — FN Hybrid metric useful for unbalanced classes of actual negatives that are

correctly identified as such
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" The size/quality/nature of data, and the
availability of labels

" What you want to do with the ¢

" Prediction? Description? Data explorati

" The required computational tir

" Speed/performance on new data?

= Accuracy and ease of use

" Easy to implement? Interpretability?

= Presence of any type of bias
" Class imbalance, annotation bias,
aggregation bias, algorithmic bias,
demographic bias, distributional shift,
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Which algorithm should you use?

" Choosing the right algorithm requires trading off
one benefit against another, including model speed,
accuracy, and complexity

= The “best method ever” does not exist

" More than ona a'lnnr1 1-'hm qhmﬂdr ;ﬂwnvq he tested and
compared T et

perceptran random forest/gradient beosting H
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" AT sometimes appears as a kind of magic trick or
a black box, that is, a system for which we can
only observe the inputs and outputs but not the
internal workings

" Thus, it is difficult to figure out why and how they
behave the way they do

" The lack on interpretability
issue 1

y 1s a major

I think you should be a little
more specific, here in Step 2
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Interpretability vs accuracy

High o Neural Networks ==
(MLPs, RNNS) Characteristics of Highly
: Accurate Models
‘s Ensemble Methods: = Non-inear relationships
' (XGBoost, * Non-smooth relationships
Random Forest) * Long Computation Time
Kernel Based Methods
Support Vector Machine,
e -‘. »o ....... . ,) Clustering
) e
£ @ K-Nearest Neighbors Decision Trees
3 N provide good
o . i Accuracywithvery
< @ Decision Trees gpiondsingy
Characteristics of Highly
Interpretable Models
* Linear & Smooth — .
* Well defined relationships ° Logistic Regression
® Unsupervised Leaming * Easy tocompute \
@ Supervisad Leaming
® 5o
Low e

Low

Interpretability High
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mArtificial intelligence 1s transforming the way
we process data, build models, and develop new
tools 1n medical disciplines

" Artificial intelligence applied to healthcare
requlires:
" issues awareness
= caution
* transparency
" responsibility
= effective, yet understandable and interpretable decision-
making tools

= concrete impact on healthcare

openand clear communication with society
0 XVIIl CORSO NAZIONALE SIBO 2026 b anllible!,



Thanks for your attention!

i
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