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Yeni bir gerceklik




1 Yapay zeka tam olarak nedir ?

* Teoride: Akilli gbrevleri yerine
getirebilen makineler insa etmekle
ilgilenen bilgisayar bilimi dal

* Pratikte:
 Dijital yoldas
 Yeni bir dijital tir




I propose to consider
the question, 'Can

machines think?'

~Alan Turing
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Genel Al
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« Computing machinery and intelligence

+ Turing test

"y

+ Dartmouth Summer Research Project
g

« The General Problem Solver was created

>y

+ ELIZA computer program was created
1964-66 )

« British and U.S. governments ended support to
Al research

"
+ Japan increased Al funding, followed by United

1980 States

* |BM's Deep Blue chess playing program
defeated world champion Gary Kasparov

+ Google's Alpha Go defeated world champion in
board game 'Go' using deep learning

+ Most Al applications use artificial neuronal
networks and deep learning
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Makine 6grenimi nedir ? nasil calisir ?

Traditional modeling:

Computer
Handcrafted
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Prediction

Machine Learning:

Learning

Expected Computer

Result

Computer

=
=
~
—
=
D
L —
o




Programming an algorithm that can
automatically extract rules from data

Crucial point = capturing

Interviewing of "Ax" algorithm
expert physicians human knowledge
("knowledge-based")
‘ . Crucial point = capturing
Patient data patient data ("data-based")

Translating human
expertise into rules

Ax algorithm
Automatic creation
of rules
- If pyelonephritis i :
- pyelonephritis + pregnant woman = cefalexin

- and pregnant woman

- > cefalexin - pyelonephritis + age > 83 > cefotaxime

- and non-pregnant woman - pyelonephritis + lymphoma history = tazocillin

- -> cefalexin
L - and penicillin allergy

- - ciprofloxacin New patient data

Manual programming ~ if pneumonia

2 - and low severity
of rules in the system _ S iamasiaiiiin

- and high severity
- => amoxicillin with clarithromycin

Ax algorithm

New rules

- pneumonia + influenza = vancomycin
- history of ESBL = meropenm

Fig. 1. Artificial intelligence for clinical infectious diseases.




Machine learning (ML) |

a ) 4 h 4 2
Supervised Unsupervised Reinforcement
learning: learning: learning:
labelled data unlabelled data environment-driven
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Variable to be predicted for NEW

data \

Unique ID A number of predictors or features Target label

l ( ) l
Trans- Membrane Secrete Subcellular Signal Date Vaccine
Protein ID membrane | probability probability location peptide collected candidate
Q695T9 3 0.76 0.43 Membrane N 1/05/2019 Yes
Q695U0 0 0.49 0.26 Interior N 12/07/2019 No
Q27895 0 0.26 0.89 Secreted Y 3/08/2019 Yes
Q27002 1 0.52 0.30 Interior N 4/10/2019 Yes
Q26997 0 0.15 0.27 Interior Y 5/10/2019 No
Different data types
New Data
Q26865 2 0.62 0.21 Membrane N 24/10/2019 ?

Variable to be

predicted for
NEW data



Derin 6grenme nedir ? nasil calisir ?

Machine Learning

- E“"%é B
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Drug Development

Genome A< Q \ A \ . \

p | Drug resistance prediction

NN "\ /) XX/ 4 X ) Drug dosing optimization
Clinical Variables Q e "

e — : Dee Le a rn i n Drug combination selection
O O IS

Medical Records Designing of drug administration route

N\ NN, XK / Drug release control
Image g(ép'i-";”'r'} O b ’ ‘ ! Characterization of drug ADME profile
e PHE - K -
f "\ 4 « - ¢ Prediction of treatment outcome
— oA . - B = e st
v N
Multiple inputs Deep Al model Multiple tasks

Fig. 4. Multiple Inputs Multiple Outputs framework using deep learning method.



2 Enfeksiyon hastaliklari pratigini donudstiren
uygulama ornekleri

* Tahmin modelleri

e Otomatize tani sistemleri

* ML-CDSS (ML tabanli klinik karar destek sistemleri)

* [lac ve asi gelistirilmesi

* Anlik stirveyans (ila¢ direnci takibi, salginlarin erken tespiti)
e Salgin izlemi ve yonetimi



Tanida




Enfeksiyon hastaliklarinin 6ngorulmesinde
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Fig. 4. Trend and extent of ID prediction models published (January 2001-May 2021): Number of citations placed by a) model types (i.e., ML or DL) b) DL model subtypes c) ML model subtypes d) Tree-based ML model
subtypes. Note: if an article contained models from different types or subtypes, it was placed in each respective group.
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Klinik degerlendirmede ve ayiricl tanida

Suki-

mememe
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Ambient problem
based charting.
Suki pulls diagnoses
from the EHR into the
Assessment and Plan
and generates content
for each based on the

encounter.

Send note to EMR

| ez )

Why Suki? Suki Assistant Suki Compose Partnerships About

No copy/paste.
Completed notes are sent back
to the EHR, where the relevant

sections are updated.




Klinik karar desteginde (Sepsiste ML-CDSS)

From: MIMIC-IV, a freely accessible electronic health record dataset

metavision

external

poe, poe_detail

procedures_icd, d_icd ures

drgoodes
d

microbiologyevents
labevents, d_labitems
omr

emar, emar_detalil

pharmacy
i

PATIENT TRACKING

icustays
MEASUREMENT

d_items
chartevents
datetimeevents
ingredientevents
inputevents
outputevents
procedureevents

NOTE
DEIDENTIFED FREE-TEXT

discharge, discharge_detail
radiology, radiology _detail




Sepsisin tahmini, erken tespiti veya
siniflandirilmasinda

Critical care

Effect of a machine learning-based severe sepsis PDF
prediction algorithm on patient survival and hospital
length of stay: a randomised clinical trial @ XML

David W Shimabukuro ", Christopher W Barton %, Mitchell D Feldman *, Samson ) Mataraso *: > and

Ritankar Das ®

Correspondence to Ritankar Das; ritankar(ddascena.com

- YBU’nde 3 ay siire ile ML algoritmasi ile bakim alan hastalar (n=67)
ve standart bakim alan hastalar (n = 75) karsilastirilmis
- ML grubunda standart gruba oranla
- Antibiyoterapiye 2,8 saat daha erken baslanabilmis
- Hastanede ve yogun bakimda yatis siirelerinde anlamli diists
- Mortalitede anlamli disis goralmads.



Medikal goruntilemede
otomatize tani
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Mikrobiyolojik tanida

Feature Classical Identification
Pre-processing | extraction [ computer vision ™| of Plasmodium
Computer Vision (hand-crafted / Machine parasites
traditional Imaging method) Learning
methods

Image acquisition

Training and — Learning

. validation data algorithm
Q Deep Learning Training phase (in advance)
. "~ methods -Supervised training
== ? -Unsupervised training -
U Convolutional
- Neural Network

Identification of

Plasmodium —
parasites . l
o o (@

Test phase prediction @ cellovison OM1200
Test/Unseen Predictive «
N — -«
data model

FIGURE 3
Representation of the different procedures using Traditional Computer Vision Imaging methods or Deep Learning methods (Convolutional Neural
Networks) for malaria parasite identification in thick and thin blood smear samples.



Mikrobiyal kGltUrlerin
ondegerlendirmesinde

Journal of Microbiological Methods 177 (2020) 106047

Contents lists available at ScienceDirect

Journal of Microbiological Methods

journal homepage: www.elsevier.com/locate/jmicmeth

Clinical evaluation of the APAS® Independence: Automated imaging and )

interpretation of urine cultures using artificial intelligence with composite %
reference standard discrepant resolution

Lisa Brenton™*, Mary Jo Waters”, Tyman Stanford™‘, Steven Giglio™*

2St. Vincent's Hospital, Melbourne, Australia
| BT Innovations, Adelaide, Australia
¢ Clever Culture Systems, Switzerland

* APAS Independence ile %90,8 hassasiyet ve %92,8 6zgllluk elde
edildi
* Saatte 200 plaka okuyarak verimliligi artirdi.

CLEVER CULTURE
SYSTEMS

The first automated

culture plate reader

ARTIFICIAL INTELLIGENCE FOR MICROBIOLOGY



Antimikrobiyal direncin tanisinda

AMERICAN Journal of BACTERIOLOGY
= Mcasonocy Clinical Microbiology® )

Check for
updates

Comparison of an Automated Plate Assessment System (APAS
Independence) and Artificial Intelligence (Al) to Manual Plate
Reading of Methicillin-Resistant and Methicillin-Susceptible
Staphylococcus aureus CHROMagar Surveillance Cultures

Natalie Gammel,® Tracy L. Ross,® Shawna Lewis,® Melissa Olson,® Susan Henciak,® Renee Harris,? Ann Hanlon,?
Karen C. Carrolla®

aDivision of Medical Microbiology, Department of Pathology, the Johns Hopkins Hospital, Baltimore, Maryland, USA
5The Johns Hopkins University School of Medicine, Baltimare, Maryland, USA

e 5913 nazal suruntu kiltartnun dijital plaka okumasini iceren bes aylik
bir 6grenme donemi sonrasinda
* %100 negatif prediktif deger ile 2021'de FDA onayi aldi

The first automated
culture plate reader

ARTIFICIAL INTELLIGENCE FOR MICROBIOLOGY
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BD Kiestra™ Total Lab Automation (TLA)

System

Help maximize your microbiology laboratory

efficiencies

Contact Us =

Overview Product Attributes Products & Accessories EIFU & Resources

Overview From sample processing to result reporting, the BD Kiestra™ TLA system
offers a complete microbiology laboratory automation solution.
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S. He, L.G. Leanse and Y. Feng Advanced Drug Delivery Reviews 178 (2021) 113922
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Fig. 3. Current research and applications of Al on drug delivery for infectious disease treatment.



lac ve asi gelistiriimesinde
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HOME NEWS

Artificial intelligence
yields new antibiotic

A deep-learning model identifies a powerful new drug

that can kill many species of antibiotic-resistant bacteria.

By Anne Trafton, MIT News Office
February 20, 2020

Drug Repurposing
Hub Wl y

advancing therapeutic discovery ‘\-!,//




nature
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nature > articles > article

Article | Published: 08 May 2024

Accurate structure prediction of biomolecular
interactions with AlphaFold 3

der Pritzel, Olaf

Josh Abramson, Jonas Adler, Jack Dunger, Richard Evans, ™ (\d

Jan W. Bodenstein, David A.

Ronneberger, Lindsay Willmore, Andrew J. Ballard - X \\%a

>
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Congreve, ... John M. Ju X R

Nature (2024) | Cite this
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Amino Acid Sequence
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Figure 4: Summary of various Al approaches to address the COVID-19 pandemic [4].



Tedavinin optimizasyonunda ?

International of Man-

MYCIN: a knowledge-

based consultation MYCIN-AI
program for infectious

disease diagnosis |

William van Melle 4

Show more

<2 Share 99 Cite MYEIN

https://doi.org/10.1016/S0020-7373(78)80049-2
Get rights and content >

MYCIN is a computer-based consultation system
designed to assist physicians in the diagnosis of
and therapy selection for patients with bacterial
infections. In addition to the consultation
system itself, MYCIN contains an explanation
system which can answer simple English
questions in order to justify its advice or educate
the user. The system's knowledge is encoded in



Open Forum Infectious Diseases

Open Forum Infect Dis. 2021 Nov; 8(Suppl 1): 9-10. PMCID: PMC8643995
Published online 2021 Dec 4. doi: 10.1093/ofid/ofab466.013

13. INSPIRE-ASP Pneumonia Trial: A 59 Hospital Cluster Randomized Evaluation of
INtelligent Stewardship Prompts to Improve Real-time Empiric Antibiotic Selection versus
Routine Antibiotic Selection Practices for Patients with Pneumonia

Shruti K Gohil, MD, MPH, Edward Septimus, MD,? Ken Kleinman, PhD,® Neha Varma, MPH,? Lauren Heim, MPH,’
Syma Rashid, MD,! Risa Rahm, PharmD,* William S Cooper, PharmD,* Naoise G Nickolay, RPh,* Laura E McLean,
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12 eyalette 59 hastanede baslangi¢c ve midahale
dénemlerinde sirasiyla 59.897 ve 51.486 YBU dis
pnomoni hastasi dahil edilmis

Vankomisin ve anti-pseudomonal tedavi stirelerinde,
mudahale grubunda rutin bakima kiyasla %27 ve %33
oraninda azalma gorilmais
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Salgin tahmininde ve yénetiminde . HealthMap
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Proven history
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Published the world’s first
peer-reviewed study on
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2022
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Inferred the true burden of
Mpox disease in West Africa
during this global health
emergency.
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A Seasonal Flu
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flu activity after it has occurred, flu forecasting provides information about the
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Taramada

Fig. 1: A reinforcement learning system for COVID-19 testing (Eva).

From: Efficient and targeted COVID-19 border testing via reinforcement learning

Eva
uses prior testing results to:
¢ optimize testing allocation Pseudonymized,
e produce risk estimates aggregated
PLF form for grey-listing Central

database

Exit

Laboratory logs
results in
24-48 h

Submitted by
visitors 24 h
before entry

Passenger tested J

at port of entry.
Sample sent to laboratory




emasli takibinde

From: COVICT: an loT based architecture for COVID-19 detection and contact

tracing
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3 Hasta sonuclarina ve saglik sistemine
olumlu etkileri

* Erken tani ve mudahale

* Hastalara ozellestirilmis tedavi planlamasi
e Etkin kaynak yonetimi

* Maliyette azalma



4 Karsilasilan zorluklar

 Veri gizliligi ve glvenligi

* Algoritma onyargilari

* Klinik dogrulama

» Seffaflik olmamasi ve bias riski

* Saglk personelinin YZ okuryazarliginin bulunmamasi

* Surekli giincelleme geregi



9 Sonuc

* Makine 6grenmesi ve derin 6grenme uygulamalari

* Enfeksiyon hastaliklarinin tanisinda ve korunmada epey yol katetmis
gorunuyorsa da

* Tedavinin iyilestirilmesinde henliiz emekleme asamasindalar
 Ancak bu alanda da umut vaat eden adimlar atilmakta

* Tip profesyonelleri
* Bu ilerlemeleri takip etmeli ve yorumlayabilmeli
* MUmbkinse bu dénusumde yer almali
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