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"Yapay zeka ilerledikee, makine  A| js the new electricity. n Y
ogrenmesl ve insan 0grenmesi
arasindaki sinir gitgide daha da Andrew NG | e e
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"Yapay zeka insanlarin yerini alamaz. Ancak, onlarin yaninda ¢alisabilir." - Ginni Rometty, IBM
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Alan M. Turing (1912-1954)

YAPAY ZEKANIN
TARIHCESI

Yapay Zeka kavramu, ilk olarak 1956'da
bir konferans sirasinda ortaya atildi.
Ancak, Yapay zekanin tarthg¢esi ¢ok daha
eski donemlere dayanmaktadir.

Antik donemlerden bu yana insanlar,
yapay zekay1 andiran makineler veya
otomatlar yaratma diisiincesini kesfettiler.

20. yiizyilin baslarindan itibaren, bilim
adamlar1 ve matematik¢iler, mantiksal
hesaplama ve makine 6grenimi
alanlarinda onemli ¢alismalar yaptilar.

Alan Turing'in 1936'da gelistirdigi
"Turing makinesi" kavrami, bilgisayar
biliminde temel bir adimd1 ve yapay zeka
calismalarina biiyiik etkisi oldu.



YAPAY ZEKANIN TARIHCESI

1950'lerde, yapay zeka resmen
bir arastirma alani olarak
tanimlandi. Alaninin
onciilerinden olan John
McCarthy, "Yapay Zeka"
terimini ilk kez kullanarak,
makinelerin diisiince
yeteneklerini taklit
edebilecegini 6ne siirdii. Bu
donemde, sembolik yapay zeka
yaklasimi, mantiksal ¢ikarlama
ve dil isleme gibi alanlarda
onemli gelismeler kaydedildi.

@)

1960'lar ve 1970'lerde, yapay
zeka arastirmalari ivime
kazandi. Expert sistemler,
dogal dil isleme ve goriintii
tanima gibi alt alanlarda
caligmalar yapildi. Ancak, o
donemde yapay zekanin ¢ok
hizl1 bir sekilde basariya
ulagmasi beklenirken, beklenen
ilerleme gerceklesmedi ve
“’Yapay zeka kis1" adi verilen
bir durgunluk dénemi bagladi.

1980'lerden itibaren, yapay
sinir aglar1 ve istatistiksel
Ogrenme gibi yeni
yaklasimlarin ortaya ¢ikmastyla
yapay zeka alaninda bir
canlanma yagandi.
Bilgisayarlarin islem giicii
arttik¢a ve veri toplama
yontemleri gelistikce, yapay
zekanin daha da ilerlemeye
basladi.

A

2000'l yillarin bagindan
itibaren, biiyiik veri analitigi,
derin 6grenme ve bulut bilisim
gibi teknolojilerin gelismesi,
yapay zekanin hizla
yayllmasina ve uygulama
alanlarinin genislemesine yol
act1. Ozellikle goriintii ve ses
tanima, otomatik ¢eviri,
oyunlar
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A QUARTERLY REVIEW

OF
PSYCHOLOGY AND PHILOSOPHY John McCarthy (1927-2011)
Ses “akilh makineler yapmanin bilimi ve

I_—_COMPUTING MACHINERY AND muhendisligi»

INTELLIGENCE
By A. M. Turing

1. The Imitation Game.

I proPOSE to consider the question, ‘Can machines think ?°’
This should begin with 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 examining how they are commonly
used it is difficult to escape the conclusion that the meaning

WABQOT-1, Japonya, 1972
6

TuringComputing.pdf (pbworks.com)
Ord. Prof. Dr. Cahit ARF- Makine disinebilir mi ve nasil distinebilir



https://phil415.pbworks.com/f/TuringComputing.pdf
https://www.mbkaya.com/hukuk/cahit-arf-makine-dusunebilir-mi-orjinal.pdf
https://www.mbkaya.com/hukuk/cahit-arf-makine-dusunebilir-mi-orjinal.pdf
https://www.mbkaya.com/hukuk/cahit-arf-makine-dusunebilir-mi-orjinal.pdf
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Sharma, D., Singh Aujla, G., & Bajaj, R. (2019). Evolution from ancient medication to human-centered Healthcare 4.0: A review on health care recommender systems. International Journal of Communication Systems, e4058. doi:10.1002/dac.4058
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ANI AGI

(artificial narrow intelligence)  (artificial general intelligence)

E.g., smart speaker, self-driving Do anything a human can do
car, web search, Al in farming
and factories
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m gram pozitif koklarin 6nemli 6zellikleriyle beraber tablo halinde gésterimi

gram pozitif koklarin 6nemli 6zellikleriyle beraber tablo halinde
gosterimi

v Kanka hemen Gram pozitif koklar en kritik ozellikleriyle birlikte tip 6 isine [ asi gore tam net,
ezbere uygun bir tablo halinde hazirladim. Hem klinik hem laboratuvar ayirtici noktalarini koydum.

Tablo halinde, gram pozitif koklarin 6nemli 6zelliklerini asagida bulabilirsiniz: (]

Gram Pozitif Koklar Ozellikler . .
Gram Pozitif Koklarin Ozellikleri - Ozet Tablo

Staphylococcus - Kiime halinde veya tek olarak bulunabilir. .
phy Y { ; o 2t
- Katalaz pozitif (katalaz enzimini retir). 4 3

Gt

2
- Koagiilaz testi ile tiirleri ayrilabilir. % ‘

Streptococcus - Zincir halinde veya kiime halinde bulunabilir. ! v :
- Katalaz negatif. e —
Grup / Bakteri Morfoloji Katalaz Koagiilaz Hemoliz Ayirt Edici Noktalar Klinik Onem
- Hemoliz 6zelliklerine gére siniflandirilir. .
Staphylococcus aureus Uziime benzer dizilimde Pozitif Pozitif Genelde B-hemolitik Mannitol fermente eder; Cilt enfeksiyonlari, pnomoni,
. 1 iaz koklar tuza dayanikh eendokardit, toksik sok
- Lancefield siniflandirmasi ile gruplandirilabilir. i g
. . o - Koagiilaz-negatif stafilokoklar Uziim salkimi Pozitif Negatif Genelde y S. saprophyticus Kateter enf., protez enf., sistit (S.
Enterococcus - Cift zincirli veya zincir seklinde bulunabilir. (KNS) - S. epidermidi, S. iyosine direngli i
saprophyticus
- Katalaz negatif.
Streptococcus pyogenes (Grup A) Zincir geklinde koklar Negatif - B-hemolitik Basitrasine duyarl, PYR Farenijit, erizipel, nekrotizan fasiit, ARF
- Escherichia coli'ye benzer sekilde fermentasyon yapabilir. Poply
S S = oo Streptococcus agalactiae (Grup Zincir Negatif - B-hemolitik (zayif) CAMP pozitif, hippurat Yenidogan sepsisi, menenjit
- Enterokok enfeksiyonlarina direncli olabilir. B pozitf
Micrococcus - Kiime halinde bulunabilir. Streptococcus pneumoniae Lancet seklinde Negatif - a-hemolitik Safra gbziiniir, optokine  Pnémoni, otitis media, menenijit
diplokok duyarh
- Katalaz pozitif.
Viridans streptokoklar Zincir Negatif - a-hemolitik Safra gozinir dedil, Endokardit (6zellikle S. mutans)

- Koagtilaz negatif. optokine direngli

. ) . - Enterococcus faecalis / faecium Zincir Negatif - Genelde y Safra-eskulin pozitif, IYE, yara enf., VRE nozokomiyal
- Endokardit ve deri enfeksiyonlarina sebep olabilir. NaCl (%6.5) lreme enfeksiyonlar
Peptostreptococcus spp. Zincir / gift Negatif - Non-hemolitik Anaerop kok Dig enf,, intraabdominal, pelvik enf.
Py ae PG Poass . . " T " . (Anaerop)
Bu tabloda sadece bazi gram pozitif kok tirlerinin 6zellikleri verilmigtir. Mikroorganizmalarin
] e 2 Micrococcus spp. Tetrad [ kime Pozitif Negatif Genelde san pigment Oksidaz pozitif, Dusglik virulans; enfeksiyon nadir
detayl olarak tanimlanmasi ve siniflandiriimasi icin daha spesifik testler ve analizler v RGOS

yapilmasi gerekmektedir.



VERI BILIMI




VERI BILIMI

L

Veri bilimi, verileri analiz ederek
anlamli bilgi ve ongorii tireten;
1statistik, matematik ve makine
ogrenimi tekniklerini kullanan bir
disiplindir.

Sirketlerin pazarlama stratejilerini
gelistirmesi veya saglik kurumlarinin
hastalik tahminler1 yapmasi gibi
bir¢ok alanda kullanilir




 Veri bilimi siireci genellikle asagidaki adimlar igerir:

. Veri toplama

. Veri hazirlama
. Veri analizi

. Modelleme

. Model egitimi

VERI .
BILIMI -

. Model degerlendirmesi

. Sonuc¢ ¢ikarma

L X SN N A W -

. Sunum ve gorsellestirme

* Veri bilimi, bir¢ok sektorde uygulanabilir ve genis bir etki '
alanina sahiptir. Ornegin, saglik, finans, pazarlama, perakende,
ulasim ve enerji gibi bir¢ok alanda veri biliminden
yararlanilarak veri odakli kararlar alinabilir ve isletmelerin ,
performansi tyilestirilebilir.

4




Goruntu
Siniflandirma
ve Tanima




Goruntu Tanimada DL Modelleri

* YOLO (You Only Look Once)
* Faster R CNN (Faster Region-based Convolutional Neural Network)
* ResNet (Residual Network)

* LSTM (Long Short-Term Memory)

* GAN (Generative Adversarial Network)
« SSD (Single Shot MultiBox Detector) | '

* Tensorflow
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Neler yapilabilir?

* Bircok veri ayn1 anda degerlendirilebilir

* Laboratuvar parametrelerinden hastalik tani-prognoz-risk durumu belirlenebilir
* Yeni biyomarkerlar kesfedilebilir

* Preanalitik hatalar yakalanabilir

* Gereksiz test istemi azaltilabilir

» Referans araliklar belirlenebilir (hatta genetik profil de eklenerek)

e Gorintiili sonuclar otomatik tanimlanabilir



FDA APPROVALS FOR ARTIFICIAL INTELLIGENCE-BASED

DEVICES IN MEDICINE

Arterys Cardio DL
! EnsoSleep
Arterys Oncology DL
ldx
ContaCT
OsteoDetect
Guardian Connect System
EchoMD (AEF Software)
DreaMed
BriefCase
ProFound™ Al Software V2.1
Arterys MICA
SubtlePET
AlI-ECG Platform
Accipiolx
icobrain
FerriSmart Analysis System |
cmTriage
Deep Learning Image Reconstruction
HealthPNX
Advanced Intelligent Clear-1Q Engine
SubtieMR
Al-Rad Companion (Pulmonary)
Critical Care Suite
Al-Rad Companion (Cardiovascular)
EchoGo Core
TransparaTM
QuantX

Eko Analysis Software

www.nature.com/articles/s41746-020-00324-0

software analyzing cardiovascular images from MR

medical diagnostic application

@ detection of diabetic ret

stroke detectionon CT

X-ray wrist fracture diagnosis

predicting blood glucose changes
echocardiogram analysis

managing Type 1 diabetes.

triage and diagnosis of time sensitive patients
breast density via mammogprahy

liver and lung cancer diagnosis on CT and MRI
radiology image processing software

ECG analysis support

acute intracranial hemorrhage triage algorithm

MRI brain interpretation

mammogram workflow fiE—
CT image reconstruction

chest X-Ray assessment pneumothorax

noise reduction algorithm

radiology image processing software

CT image reconstruction - pulmonary

chest X-Ray assessment pneumothorax

CT image reconstruction - cardiovascular

quantification and reporting of results of cardiovascular

mammogram workflow

radiological software for lesions suspicious for cancer

cardiac Monitor

e
]
-
i
’
' .

TYPE OF FDA APPROVAL

S10(K) PREMARKET NOTIFICATION

DE NOVO PATHWAY

PMA

CARDIOLOGY

ENDOCRINOLOGY

RADIOLOGY

SOSLTYTT

N,

NEUROLOGY

INTERNAL MEDICINE

OPHTHALMOLOGY

EMERGENCY MEDICINE

ONCOLOGY



https://www.nature.com/articles/s41746-020-00324-0
https://www.nature.com/articles/s41746-020-00324-0
https://www.nature.com/articles/s41746-020-00324-0
https://www.nature.com/articles/s41746-020-00324-0
https://www.nature.com/articles/s41746-020-00324-0
https://www.nature.com/articles/s41746-020-00324-0
https://www.nature.com/articles/s41746-020-00324-0
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TANISAL YONETISIMDE YAPAY
ZEKA

Yapay zeka, tanisal ve antimikrobiyal yonetisime yardimeci olabilecek guclii bir
aractir.

*Antibiyotik se¢cimi

*Uygunsuz regete tespiti

*Direng gelisimi ongorisii

*Profilaksi dogrulugu

* Ampirik tedavi kesilme kararlar1 gibi alanlarda fayda saglar.



MALDI-TOF

 MALDI-TOF, buiytik molekiillerin kiitlesini olgen,
ozellikle mikroorganizma tiirlerini hizlica belirlemede
kullanilan hassas bir kiitle spektrometresi cihazidir. —

IIIIIIIIIIII

* Bu cihaz, numunenin protein "parmak izini" ¢ikararak
saniyeler i¢inde analiz saglar.

* Elde edilen karmasik spektrumlar, yiiksek dogrulukta
otomatik tanimlama ve simiflandirma yapmak i¢in
Yapay Zeka (YZ) ve makine 6grenimi algoritmalari
tarafindan islenir.



https://www.biomerieux.com.tr/sites/subsidiary_uk/files/maldi-tof-schema-vitek-ms.jpg

VITEK

* VITEK sistemi, klinik mikrobiyolojide bakteri ve
mayalarin tiir tanimlamasini (ID) ve antibiyotik
duyarlilik testlerini (AST) tam otomatik olarak
gergeklestiren bir cihazdir.

* Cihaz, 6zel kartlar ve dinamik okuma yontemleri
kullanarak bu kritik sonuclar1 sadece 5-8 saat gibi kisa
bir slirede otomatik olarak raporlayarak laboratuvar
verimliligini artirir.

* VITEK 2'deki Advanced Expert System (AES) gibi
yerlesik yazilimlar ve siirekli giincellenen veritabanlari,
direng fenotiplerini yorumlamak ve en 1yi sonucu
onermek i¢in gelismis algoritmalar (YZ/Makine
Ogrenimi temelleri) kullanir.



https://www.biomerieux.com.tr/sites/subsidiary_uk/files/maldi-tof-schema-vitek-ms.jpg

Review

Image analysis and artificial intelligence in infectious disease
diagnostics

KP. Smith 2, JE. Kirby "> * Gram boyamada %99’dan fazla dogruluk

) pepartment of Pathology, Beth Israel Deaconess Medical Center, USA
) Harvard Medical School, Boston, MA, USA

* Nugent kriterlerine gore siniflandirma

e Idrar kiiltiirlerinde "iireme var/yok"

ABSTRACT

Background: Microbiologists are valued for their time-honed skills in image analysis, including identi- ayrlml
fication of pathogens and inflammatory context in Gram stains, ova and parasite preparations, blood
smears and histopathologic slides. They also must classify colony growth on a variety of agar plates for

triage and assessment. Recent advances in image analysis, in particular application of artificial intelli- o [< I OmOJ enlk agarlarda renk

gence (Al), have the potential to automate these processes and support more timely and accurate

diagnoses. : : pig .
Objectives: To review current Al-based image analysis as applied to clinical microbiology; and to discuss lndlkatOrlerlne dayall Olarak MRSA,

future trends in the field.
Sources: Material sourced for this review included peer-reviewed literature annotated in the PubMed or VRE G A St t k k t
Google Scholar databases and preprint articles from bioRxiv. Articles describing use of Al for analysis of Ve rup rep O O aramaSI
images used in infectious disease diagnostics were reviewed. . o
Content: We describe application of machine learning towards analysis of different types of microbio- basarlyla yapllabllmekte dlr
logic image data. Specifically, we outline progress in smear and plate interpretation as well as the po-
tential for Al diagnostic applications in the clinical microbiology laboratory.
Implications: Combined with automation, we predict that Al algorithms will be used in the future to
prescreen and preclassify image data, thereby increasing productivity and enabling more accurate di-
agnoses through collaboration between the Al and the microbiologist. Once developed, image-based Al
analysis is inexpensive and amenable to local and remote diagnostic use. K.P. Smith, Clin Microbiol
Infect 2020;26:1318
© 2020 European Society of Clinical Microbiology and Infectious Diseases. Published by Elsevier Ltd. All

rights reserved.



Gram Stain Blood
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Spec 537XXXX25A

Prob. Diagnosis
Gram-positive cocci in
I5 97% chains suggesting
streptococci
Gram-positive cocci in pairs
B 25% and chains suggesting
enterococci
[J 0.4% Gram-positive cocci in pairs
Gram-positive cocci in pairs
O 01% gyggesting pneumococci

A Gram-negative rods
m Gram-positive clusters
® Gram-positive chains
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Review
The Role of Artificial Intelligence and Machine Learning Models in
Antimicrobial Stewardship in Public Health: A Narrative Review

1,2

Flavia Pennisi , Antonio Pinto '@, Giovanni Emanuele Ricciardi 2©, Carlo Signorelli !

o Vincenea Ganfredi * Son arastirmalar, AMR'nin 2050 yilina kadar
yilda 10 milyona kadar 6liime yol acabilecegini
Abstract: Antimicrobial resistance (AMR) poses a critical global health threat, necessitating A& kﬁresel Sagllk Sistemleri A\ ekonomileri igin

innovative approaches in antimicrobial stewardship (AMS). Artificial intelligence (Al) and . . . . . o . .
machine learning (ML) have emerged as transformative tools in this domain, enabling data- Onemll blr tehdlt Olusturablleceglnl tahmln

driven interventions to optimize antibiotic use and combat resistance. This comprehensive .

review explores the multifaceted role of Al and ML models in enhancing antimicrobial etmekte dlr.

stewardship efforts across healthcare systems. Al-powered predictive analytics can identify

patterns of resistance, forecast outbreaks, and guide personalized antibiotic therapies by . . o e . oq o .
leveraging large-scale clinical and epidemiological data. ML algorithms facilitate rapid ¢ BlZler Olablldlglnce genl$ Sp ektrumhl antlbIYOtlk
pathogen identification, resistance profiling, and real-time monitoring, enabling precise .

decision making. These technologies also support the development of advanced diagnostic ku11an1mlnlndan kaglnmamlz gereklyor.

tools, reducing the reliance on broad-spectrum antibiotics and fostering timely, targeted
treatments. In public health, Al-driven surveillance systems improve the detection of
AMR trends and enhance global monitoring capabilities. By integrating diverse data

* Yapay zeka destekli ongorticii analizler ;
sources—such as electronic health records, laboratory results, and environmental data—ML . e o . g
models provide actionable insights to policymakers, healthcare providers, and public g dlreng mOdellerlnl bellrleyeblllr )

health officials. Additionally, Al applications in antimicrobial stewardship programs (ASPs)

e . . . . s [ * *
promote adherence to prescribing guidelines, evaluate intervention outcomes, and optimize ° m
resource allocation. Despite these advancements, challenges such as data quality, algorithm S alglnlarl tah m edeblllr
transparency, and ethical considerations must be addressed to maximize the potential of Al

and ML in this field. Future research should focus on developing interpretable models and ¢ bﬁYﬁk 61Qekli klinik Ve epidemiYOIOj ik

fostering interdisciplinary collaborations to ensure the equitable and sustainable integration

of Al into antimicrobial stewardship initatives verilerden yararlanarak Kisisellestirilmis
Keywords: antimicrobial resistance; antimicrobial stewardship; artificial intelligence; antibiyﬂtik tedaVilerine rehberlik edebilir.

machine learning; personalized antibiograms; diagnostic innovation; predictive models;
public health



Kullanilan Modeller ve Geleneksel
Yontemlerle Karsilastirma

Klasik 1statistiksel yontemler (Lojistik Regresyon - LR) ile modern ML modellerini
kiyasliyor:

*Modeller: Karar Agaclar1 (Decision Trees), Random Forest (RF), XGBoost,
Support Vector Machine (SVM) ve Neural Networks(NN) incelenmis.

*Performans: ML modelleri, LR'ye gore daha iistiin performans gosteriyor.

Ornegin, MRSA kiiltiir pozitifligini tahmin etmede derin 6grenme modelleri
(AUC: 0.911), LR'ye (AUC: 0.857) gore daha basarili bulunmus.

*Benzer sekilde, yanik hastalarinda akut bobrek hasar1 tahmininde XGBoost,
LR'den daha yiiksek o6zgiilliik ve duyarlilik sunmus.

*Yorumlanabilirlik (Black Box Sorunu)



Hizhh Tam ve Kisisellestirilmis
Antibiogramlar

*Hizli Patojen Tanmimlama: Yapay zeka, MALDI-TOF Kkiitle spektrometresi
verilerini 1sleyerek direncg profillerini saatler i¢inde (glinler yerine) belirleyebiliyor.

Ornegin, K. pneumoniae karbapenem direncini 0.85 {izeri AUC degerleriyle
tespit edebildigi gosterilmis.
Kisisellestirilmis Antibiogramlar: Geleneksel, popiilasyon bazli kiimiilatif

antibiogramlarin aksine; hastamin gecmisi, komorbiditeleri ve demografik
verilerini kullanan ML modeller1 "kisisellestirilmis antibiogramlar" olusturuyor.

*Ornek Calisma: Stanford ve Boston'da yapilan bir calismada, kisisellestirilmis
antibiogramlarin genis spektrumlu antibiyotik (Vancomycin + Pip-Tazo)
kullanimimi %69 oraninda azalttig1, ancak tedavi kapsayiciligini diisiirmedigi
(hatta baz1 durumlarda artirdig1) gorilmiis.






Ay antibiotics

Article

Artificial Intelligence Can Guide Antibiotic Choice in
Recurrent UTIs and Become an Important Aid to Improve
Antimicrobial Stewardship

Tommaso Cai ">*{), Umberto Anceschi 3, Francesco Prata , Lucia Collini 5, Anna Brugnolli ¢,
Serena Migno 7, Michele Rizzo 8, Giovanni Liguori 8, Luca Gallelli °, Florian M. E. Wagenlehner 1005,
Truls E. Bjerklund Johansen 211120, Luca Montanari 13, Alessandro Palmieri '* and Carlo Tascini 1

Abstract: Background: A correct approach to recurrent urinary tract infections (rUTIs) is an important
pillar of antimicrobial stewardship. We aim to define an Artificial Neural Network (ANN) for
predicting the clinical efficacy of the empiric antimicrobial treatment in women with rUTIs. Methods:
We extracted clinical and microbiological data from 1043 women. We trained an ANN on 725 patients
and validated it on 318. Results: The ANN showed a sensitivity of 87.8% and specificity of 97.3% in
predicting the clinical efficacy of empirical therapy. The previous use of fluoroquinolones (HR = 4.23;
p = 0.008) and cephalosporins (HR = 2.81; p = 0.003) as well as the presence of Escherichia coli with
resistance against cotrimoxazole (HR = 3.54; p = 0.001) have been identified as the most important
variables affecting the ANN output decision predicting the fluoroquinolones-based therapy failure.
A previous isolation of Escherichia coli with resistance against fosfomycin (HR = 2.67; p = 0.001) and
amoxicillin-clavulanic acid (HR = 1.94; p = 0.001) seems to be the most influential variable affecting
the output decision predicting the cephalosporins- and cotrimoxazole-based therapy failure. The
previously mentioned Escherichia coli with resistance against cotrimoxazole (HR = 2.35; p < 0.001) and
amoxicillin-clavulanic acid (HR = 3.41; p = 0.007) seems to be the most influential variable affecting
the output decision predicting the fosfomycin-based therapy failure. Conclusions: ANNs seem to be
an interesting tool to guide the antimicrobial choice in the management of rUTIs at the point of care.

Keywords: urinary tract infection; recurrence; artificial intelligence; antibiotic resistance

Bu calisma, kadinlarda sik gorulen
rekurren idrar yolu enfeksiyonlarinda
(rlYE), ampirik antibiyotik tedavisinin
klinik etkinligini tahmin etmek icin bir
Yapay Sinir Agi (ANN) modeli
gelistirmeyi amaclyor.

1043 kadin hastanin verileri
kullaniimis

725'i yapay zekayi egitmek (training),
318'i ise test etmek (validation) icin
kullaniimis.

AUC Degeri: 0.867 (Yani model, dogru
tedaviyi secme konusunda %86.7'lik
bir ayirt etme gticiine sahip).

Sensitivite: %87.8 Spesifite: %97.3

* https://pubmed.ncbi.nlm.nih.gov/36830285/



Tedavi Basarisizhigim1 Tahmin Eden Kritik
Faktorler

Yapay zeka, hangi durumlarda hangi antibiyotigin basarisiz olacagimi su parametrelerle 0ngormiis:
A. Florokinolon Tedavisi Basarisizhig1 Icin Riskler:

*Son 3 ayda florokinolon kullanimi (Risk 4.23 kat artiyor - HR: 4.23).

*Son 3 ayda sefalosporin kullanimi (Risk 2.81 kat artiyor - HR: 2.81).

*Hastada kotrimoksazol (Cotrimoxazole) direncli E. coli varhigi.

B. Fosfomisin Tedavisi Basarisizhg Icin Riskler:

*Hastada kotrimoksazol diren¢li E. coli varlig1 (Risk 2.35 kat artiyor).

*Hastada amoksisilin-klavulanik asit direngli £. coli varligi (Risk 3.41 kat artiyor).

«Jlgin¢ Not: Onceki fosfomisin kullanimi, fosfomisin basarisizlig1 icin bir risk faktorii olarak
tanimlanmamus.

«Capraz Diren¢ Uyarisi: Calisma, sadece ayni sinif antibiyotigin degil, farkli siniflarin (6rnegin
sefalosporin kullaniminin florokinolon direncini etkilemesi gibi) kullaniminin da basarisizligi
ongordiigiinii gosteriyor






* Bu derleme, 2010-2022 yillari arasinda
o _ , yvayinlanan ve hastanede yatan veya
Brave New World of Artificial Intelligence: Its Use in k davi é h lard
Antimicrobial Stewardship—A Systematic Review aya. tan te . avl goren hastalarda
Rafacla Pinto-de-S3, Bermardo Sousa-Finto 230 and Safia Cosa-de-Olivera 3~ antimikrobiyal recete kararlarini
destekleyen yapay zeka modellerini
inceleyen 18 gozlemsel ¢alismayi

kapsiyor.

Abstract: Antimicrobial resistance (AMR) is a growing public health problem in the One Health

dimension. Artificial intelligence (A.I) .is emergiﬂg.in healthcz?re, si?me it is helpful to deal wi‘.[h PY Ama g: Ya pay z7e ka a Igo rit ma | arini n’ kl i N i k
large amounts of data and as a prediction tool. This systematic review explores the use of Al in .
antimicrobial stewardship programs (ASPs) and summarizes the predictive performance of machine ka a rl dara klya S | d ta h min pe rfO Fmansini
learning (ML) algorithms, compared with clinical decisions, in inpatients and outpatients who need ( - H ) -
antimicrobial prescriptions. This review includes eighteen observational studies from PubMed, OZE' | I kl e AU C’ d uya rl I I I k Vb ° Ozet | e m e k
Scopus, and Web of Science. The exclusion criteria comprised studies conducted only in vitro, PY

| Web of Science | _ Makale, AMS alaninda en sik kullanilan
not addressing infectious diseases, or not referencing the use of AI models as predictors. Data . .o o o
such as study type, year of publication, number of patients, study objective, ML algorithms used, d |gO I'It Mma | arin LOJ IStI k Reg rESVO n ( A) 12 . 1)
features, and predictors were extracted from the included publications. All studies concluded that ML ve R an d om F ore St (% 1 2 1) 0O I d u é unu

[ ]

algorithms were useful to assist antimicrobial stewardship teams in multiple tasks such as identifying ..
inappropriate prescribing practices, choosing the appropriate antibiotic therapy, or predicting AMR. b e | | rt | yo r.
The most extracted performance metric was AUC, which ranged from 0.64 to 0.992. Despite the risks

and ethical concerns that Al raises, it can play a positive and promising role in ASP. ¢ Basarl Oranlari (AUC): Modellerin AUC
Keywords: artificial intelligence; machine learning; antimicrobial stewardship; antimicrobial deéerleri 0.64 ile 0.992 arasinda de§|§|yo r.
resistance En yuksek performansi (AUC 0.992,
Duyarhlik 0.967) cerrahi profilaksi
denetiminde kullanilan "Multilayer
Perceptron" algoritmasi gostermis.




Klinik Uygulama Alanlan

Yapay zeka modellert Antimikrobiyal Yonetisim ekiplerine su 3 ana gorevde yardimci
oluyor:

1.Uygunsuz Receteleri Yakalama: Ornegin, Piperasilin-tazobaktam recetelerindeki
uygunsuzluklari tespit eden bir sistem, %96 duyarhlik (sensitivity) ve %74 pozitif
ongorii degeri (precision) ile ¢alismuis.

2.Dogru Antibiyotigi Secme: Random Forest modeli, seftriakson duyarliligini 0.80 AUC
degeri ile tahmin edebilmis.

3.Diren¢ Tahmini: Kisisellestirilmis antibiogramlar olusturarak tedavi basarisizligini ve
direng gelisimini ongorme.

Bir calismada, yapay zeka destekli karar algoritmasi kullanildiginda, klinisyenlere kiyasla
ikinci basamak antibiyotik kullaniminda %67, uygunsuz tedavide ise %18 azalma
saglandig1 bildirilmii.



Sign in

diagnosights

N




TESEKKURLER




	Slayt 1
	Slayt 2: SUNUM PLANI
	Slayt 3
	Slayt 4: YAPAY ZEKANIN TARİHÇESİ
	Slayt 5: YAPAY ZEKANIN TARİHÇESİ
	Slayt 6
	Slayt 7
	Slayt 8
	Slayt 9
	Slayt 10
	Slayt 11
	Slayt 12
	Slayt 13: VERİ BİLİMİ
	Slayt 14: VERİ BİLİMİ
	Slayt 15: VERİ BİLİMİ
	Slayt 16: Görüntü Sınıflandırma ve Tanıma
	Slayt 17: Görüntü Tanımada DL Modelleri
	Slayt 18
	Slayt 19: TIP ve YAPAY ZEKA
	Slayt 20: Neler yapılabilir?
	Slayt 21
	Slayt 22: TANISAL YÖNETİŞİMDE YAPAY ZEKA
	Slayt 23: TANISAL YÖNETİŞİMDE YAPAY ZEKA
	Slayt 24: MALDİ-TOF
	Slayt 25: VITEK
	Slayt 26
	Slayt 27:  
	Slayt 28
	Slayt 29: Kullanılan Modeller ve Geleneksel Yöntemlerle Karşılaştırma
	Slayt 30: Hızlı Tanı ve Kişiselleştirilmiş Antibiogramlar
	Slayt 31
	Slayt 32
	Slayt 33: Tedavi Başarısızlığını Tahmin Eden Kritik Faktörler
	Slayt 34
	Slayt 35
	Slayt 36: Klinik Uygulama Alanları
	Slayt 37
	Slayt 38

