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@7 DISCLAIMER

This content is for informational purposes only and is not guaranteed to
be accurate, complete, or up-to-date.

The speakers have no financial conflict of interest to disclose.
All non-original content is referenced in the slides’ footnotes. External

links are provided without endorsement; we are not responsible for their
content. Availability of this content may vary and is not guaranteed.

This presentation was entirely crafted by humans. Original content
might be Al-generated.
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Artificial Intelligence (Al)

The theory and development of computer
systems able to perform tasks normally
requiring human intelligence, such as visual
perception, speech recognition, decision-
making, and translation between languages.

OxfordlLanguages
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An agent acting In
an intelligent manner;
It perceives its environment,
takes actions autonomously to
achieve goals, and may improve
its performance with learning or
acquiring knowledge.

gHUAM http://aima.cs.berkeley.edu
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iBJNARROWARTIFICIAL INTELLIGENCE

* Focused on one single task

* Mimicking how humans perform basic
actions such as remembering things,
perceiving things, and solving simple

problems




A. M. Turing (1950) Computing Machinery and Intelligence. Mind 49: 433-460. A Pl. Op O S al f Ol‘ th e
COMPUTING MACHINERY AND INTELLIGENCE Dartmouth Sl_1mmer
By A. M. Turing Research Project on
Artificial Intelligence

I propose to consider the question, "Can machines think?" This should begin with AUgUSt 31; 1955
definitions of the meaning of the terms "machine" and "think." The definitions might be
framed so as to reflect so far as possible the normal use of the words, but this attitude is _ .
dangerous, If the meaning of the words "machine" and "think" are to be found by John M;C‘;;lthyf ?/;f’ W;" ‘;; Minsky,
examining how they are commonly used it is difficult to escape the conclusion that the an dacf;ﬁfe E_Oghfnzm
meaning and the answer to the question, "Can machines think?" is to be sought in a
statistical survey such as a Gallup poll. But this is absurd. Instead of attempting such a
definition I shall replace the question by another, which is closely related to it and is
expressed in relatively unambiguous words.

1. The Imitation Game

https://redirect.cs.umbc.edu/courses/471/papers/turing.pdf https://o0js.aaai.org/aimagazine/index.php/aimagazine/article/view/1904




g H UAM https://medium.com/@eyalcinkaya/the-iconic-photo-of-bill-gates-and-the-cd-rom-a-reminder-of-how-far-weve-come-1941ecy1eic



Big Datz

Extremely large data sets that may be
analysed computationally to reveal patterns,
trends, and associations, especially relating to
human behaviour and interactions.

OxfordlLanguages




1994 — 700 megabytes 2017 — 2.5 exabytes/day
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gHUAM https://www.domo.com/learn/infographic/data-never-sleeps-5
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\$@5 WHERE IS THE DATA COMING FROM?

Patient

—@‘

Government portals Electronic Health
agencies Records (EHR)
reconds B
Big Data il
Wearable PEERRE " Healthcare
PP Search
.o engine data
Research .
studies

Generic
phones

g H UA&[I https://link.springer.com/article/10.1007/511845-021-02730-z/figures/1



Machine Learning

The use and development of computer systems
that are able to learn and adapt without
following explicit instructions, by using
algorithms and statistical models to analyse
and draw inferences from patterns in data.

Deep learning: A type of machine learning based on
artificial neural networks in which multiple layers of
processing are used to extract progressively higher
level features from data.

OxfordlLanguages
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@5 USE CASE: RADIOLOGY

R

* Detection and localization of fractures:
* Radius: 91.2% (n = 310/340), AUC 95.7%
* Ulna: 96.3% (n = 236/245), AUC 96.7%

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8017412/pdf/ryai.2019180001.pdf



E@ USE CASE : OPHTHALMOLOGY Google

T

* Avutomated Retinal Disease Assessment, or
ARDA, uses artificial intelligence to help
healthcare  workers  detect diabetic
retinopathy

* Over 420 million people have diabetes
globally, making widespread screening
unfeasible.

Age of Al Series, YouTube
Copyright by Ne

SI[1/2\\V)]  https.//www.youtube.com/watch?v=V5aZjsWM2wo&t=953s; https://jamanetwork com/journals/jama/fullarticle/2588763


https://www.youtube.com/watch?v=V5aZjsWM2wo&t=959s
https://jamanetwork.com/journals/jama/fullarticle/2588763

W/ USE CASE : OPHTHALMOLOGY Google

EyePACS 1: AUC, 99.1%; 95% Cl, 98.8%-99.3%

T

100+ =
* Detection of diabetic retinopathy (high sensitivity): ' e
oe
* Sensitivity = 97.5% 20-
High-sensitivity operating point
* Specificity = 93.4% e
High-specificity operating point
* Detection of diabetic retinopathy (high specificity): 607 | L
* Sensitivity = 90.3% 2 s
* Specificity = 98.1% T a0 80-
70" .
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https://www.youtube.com/watch?v=V5aZjsWM2wo&t=959s
https://jamanetwork.com/journals/jama/fullarticle/2588763
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Al assistant: First group of clinicians Second group of clinicians
e <5 Top-mat.ching skin conditions (PCPs) Reader (NPs) Reader
and Al canfidence n=10 cohort 1 n=10 cohort 1
« Additional information about each

Randomization

k Reader

cohort 2

condition Randomization
3 Matching conditions - k Reader

SCC/SCCIS, Basal Cell Carcinoma, Actinic Keratosis cohort 2

SCC/sCCIs Pt ettt ielieteiettieleleifiiefeinifiisieliiieinieieiniiiedeidelelldi .

Assistant confidence
eoee

Reader
Keratinocyte malignancy, often characterized by tender, pink scaly, bleeding nodules and
plaques, often found on head, neck dorsal hands/forearms, and legs, and constituting the COhDrt 1
second most comman type of skin cancer. SCCIS, or Bowen disease, which often presents
as scaly, pink-brown plague, represents noninvasive (in situ, not penetrating dermis) stage
of SCC that may progress to invasive disease if left untreated.

-~

Textbook images

‘________

____________________________________________________________________

Images of SCC/SCCIS similar to patient's
preemeation Reader

+ View textbook images + View similar images COhDrt 2

More about this condition

Scrolling shows more conditions
and information Al-assisted cases Unassisted cases

* 4o clinicians each reviewed 1048 teledermatology cases (50% assisted — 50% unassisted)
* The Al assistant shows as many as 5 top predictions of skin conditions

gHUAM https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2779250
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PCPs NPs Top-1 agreement, rate (unassisted) PCPs NPs op-1 agreement, rate (unassisted)

Artificial intelligence assistance was associated with a higher agreement rate with dermatologists’ reference
diagnoses for both PCPs and NPs.

* Lower rates of recommending a biopsy or specialist referral.
The absolute effect sizes of 10% and 12% correspond to an improved diagnosis for 1 in every 8 to 10 cases.

gHUAM https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2779250




Generative A/

An Al capable of generating text, images, or
other data based on the patterns and structure

of their input training data and then generating
new data that has similar characteristics.

https://arxiv.org/abs/2307.15208;
https://www.nytimes.com/article/ai-artificial-intelligence-glossary.html



https://arxiv.org/abs/2307.15208

ChatGPT 4 ~
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t_ 2 — I will hold a presentation on artificial intelligence focusing on the medical field. |
o= @ —o, would like to have one single slide where | introduce ChatGPT. Reply with the

identical output that | should then screenshot and paste on my presentation.

ChatGPT

For your presentation on artificial intelligence in the medical field, you can introduce

ChatGPT with the following slide content:

Introducing ChatGPT in Medicine

ChatGPT: An Advanced Al Model by OpenAl

* What is ChatGPT?
* Astate-of-the-art language model developed by OpenAl, capable of
understanding and generating human-like text based on the input it receives.
* Utilizes deep learning techniques to process and produce language across a
wide range of topics and tasks.
* Applications in Medicine
* Medical Information Retrieval: ("\l;"kly provides medical information,

supporting healthcare professionais in accessing vast amounts of data.

https://chat.openai.com




“,_:_":'(B“j{‘ Towards Conversational Diagnostic Al  Gq gle
S(UQ ; Tao Tu*', Anil Palepu*', Mike Schackermann*!,

Khaled Saab!. Jan ]*ht}rhnrg', Ryutaro Tanno?, Amy Wang', Brenna Li', Mohamed Amin!,
Nenad Tomasev?, Shekoofeh Azizi?, Karan Singhal', Yong Cheng?, Le Hou!, Albert Webson?,
Kavita Kulkarni', S. Sara Mahdavi?, Christopher Semturs',

Juraj Gottweis', Joelle Barral?, Katherine Chou', Greg S. Corrado!, Yossi Matias',
Alan Karthikesalingam®! and Vivek Natarajanf!

1Google Research, *Google DeepMind

* Articulate Medical Intelligence Explorer (Amie)

* Simulation of an online patient — physician chat




Primary

Care
Step 1 Physician
. ) . OS5CE
Online Text-based Patiant Scenario Randomized
. Actor Pack Agent
Consultation
Simulated Patient
Synchronous Al AMIE
Text Chat
Simulated Patient consults both O3CE
Agents in rancomized blinded seguence,
Patient Actor O5CE Agent
Post-Questionnaire Post-Questiennaire
Step 2
. . - GME Patlent Questionnalre (GMCPG) - Differential Diagrasis (DOw)
Post-Ouestionnaires - . inati
- Relationship Fostering {from PCCEF) - Irvestigations & Treatment
- Empathy & Others (from FACES) Consultation - Escalation & Follow-up
Transcript
Evaluation Criteria
Step 3 - DO Accuracy & Quality
o . Diagnosis & Management
Specialist Physician Specialist ) f; = o
Evaluati Physician Seenario Pack + Consultation OSCE Agent - Patient-Centered Communication
valuation Greund Truth Tramseript  Post-Cuestionnaire Best Practice (PCCEF)
Evaluates both OSCE - Practical Assessment of Chinical
Agents in randomized OS5CE Data Examination Skills (PACES)

blinded sequence.

Figure 2 | Overview of randomized study design. A primary care physician {PCF) and AMIE perform (in a randomized
order) a virtual remote Objective Structured Clinical Examination (OSCE) with simulated paticols via online mulli-turn
synchronous text chat and produce answers to a post-gquestionnaire. Both the PCP and AMIE are then evaluated by both the
patient actors as well as specialist physicians,
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Figure 3 | Specialist-rated top-k diagnostic aceuracy. AMIE and PCPs lop-k DDx accuracy are compared across 149
scenarios with respect to the ground truth diagnosis (a) and all diapgnoses in the accepted differential (b). Bootstrapping
(n=10,00M) confirms all top-k differences bhetwesen AMIE and PCP DDx accuracy are significant with p < 0,05 after FDR
COrreclion.
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https://towardsdatascience.com/training-deep-neural-networks-3fdb1964b964
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BRIEF COMMUNICATION M) Check for updates
Large language models propagate race-based medicine

Jesutofunmi A. Omiye'#®, Jenna C. Lester*®, Simon Spichak (=, Veronica Rotemberg (:”” and Roxana Daneshjou

output layer

Large language models (LLMs) are being integrated into healthcare systems; but these models may recapitulate harmful, race-
based medicine. The objective of this study is to assess whether four commercially available large language models (LLMs)
propagate harmful, inaccurate, race-based content when responding to eight different scenarios that check for race-based
medicine or widespread misconceptions around race. Questions were derived from discussions among four physician experts and
prior work on race-based medical misconceptions believed by medical trainees. We assessed four large language models with nine
different questions that were interrogated five times each with a total of 45 responses per model. All models had examples of
perpetuating race-based medicine in their responses. Models were not always consistent in their responses when asked the same
question repeatedly. LLMs are being proposed for use in the healthcare setting, with some models already connecting to electronic
health record systems. However, this study shows that based on our findings, these LLMs could potentially cause harm by
perpetuating debunked, racist ideas.

npj Digital Medicine (2023)6:195 ; https://doi.org/10.1038/s41746-023-00939-z

https://towardsdatascience.com/training-deep-neural-networks-3fdb1964b964
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* Focused on one single task

* Mimicking how humans perform basic
actions such as remembering things,
perceiving things, and solving simple

problems




\%/ARTIFICIAL GENERAL INTELLIGENCE (AGI)

A hypothetical type of intelligent agent ™"
which, if realized, could Ilearn to
accomplish ~ any intellectual  task

that human beings can perform.




\%/SUPERARTIFICIAL INTELLIGENCE

A hypothetical agent that possesses
intelligence far surpassing that of the

brightest and most gifted human minds.

"Any intellect that greatly exceeds the
cognitive performance of humans in
virtually all domains of interest”




SIIAM

Societa Italiana Intelligenza Artificiale in Medicina
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La SIIAM si pone l'obiettivo di essere principale portavoce a livello
nazionale della causa dell'integrazione dell'lA nel Sistema Sanitario

Nazionale, in maniera etica e sostenibile, per il beneficio dei cittadini, dei

pazienti, e dei professionisti sanitari, entro 5 anni.
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Mission: Guidare l'adozione dell'intelligenza artificiale nella sanita attraverso l'innovazione, la collaborazione e

I'educazione, garantendo standard etici e migliorando i risultati per i pazienti.

1.Dare impulso al progresso scientifico e culturale nel campo dell'Intelligenza Artificiale in Medicina, in
tutte le sue possibili articolazioni funzionali;

2.Promuovere la cooperazione dei professionisti coinvolti, sia nella ricerca e sviluppo dei mezzi informatici
diintelligenza artificiale che nella loro implementazione e applicazione in ambito sanitario;

3.Attuare iniziative scientifiche, tecniche e formative, volte a sviluppare e consolidare conoscenze,
competenze e pratiche nel campo dell'Intelligenza Artificiale in Medicina, rivolte ai professionisti e studenti
del campo sanitario;

4.Sviluppare una rete di scambio proficuo di conoscenze, informazioni ed idee atta a favorire la plasticita
ed apertura all'innovazione necessarie per affrontare il continuo e rapido cambiamento tecnologico che
investe il campo sanitario;

5.Promuovere, favorire ed organizzare relazioni scientifiche e culturali con enti governativi, universita,
societa scientifiche e altri portatori di interesse, nazionali e internazionali, nel campo dell’Intelligenza
Artificiale in Medicina;




4) Sviluppare una rete
conoscenze, informazio
plasticita ed apertura

per affrontare il contin

tecnologico che investe i
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https://www.linkedin.com/company/siiam-it/mycompany/

https://www.instagram.com/siiam.it?igsh=MTBhNDROajFuNml5eA==



https://www.instagram.com/siiam.it?igsh=MTBhNDR0ajFuNmI5eA==
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