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* Uluslararas1 Diyabet Vakfi, 2021 yilinda diinya ¢apinda 20 1la 79 yaslar

arasindaki 537 milyon yetiskinin diyabetle yasadigini tahmin ediyor

DAI 6nemli morbidite ve mortalite nedeni
* Gunlik yara bakim

* Antimikrobiyal tedavi

* Cerrahi prosediirler

* Ayak amputasyonu

Jayaraman K, et al. BMC Endocr 2019; 19: 1.
Senneville E, et al. IWGDF/IDSA Guidelines on the Diagnosis and Treatment
of Diabetes-related Foot Infections.2023



Bu yukii azaltmak mumkin mu?

Diyabetik ayak tilserlerinin prognozu
* Hastalarin klinik 6zellikleri

* Yaradaki infeksiyon durumu

* Eslik eden hastaliklar

* Goriintilleme yontemlerinden elde edilen bilgiler

Klinisyenlerin ¢ok fazla zihinsel ve manuel emek harcamasini gerektirir

Kim RB, et al. Comput Biol Med. 2020 Nov:126:104042



Diyabetik ayak infeksiyonu olan hastalar
icin yapay zeka Kkullanilabilir mi?

Al based app




Yapay zeka (Al) nedir?

¢ Ogrenme

¢ Problem ¢6zme

U

@
#

¢ Kaliplar1 tanima -
¢ Karar verme gibi insan zekas1 gerektiren
gorevler1 yerine getirebilen makinelerin

yapimiyla ilgilenen bilgisayar bilim alani

Makine 0grenimi (ML), derin 6grenme (DL) ve dogal dil isleme (NLP) gibi ¢esith
teknikleri 1gertir.

Alowais SA,et al. BMC Med Educ. 2023 Sep 22;23(1):689.
Bal T. Viral Hepatitis Journal 2024; 30(1):1-6



Makine ogrenimi (ML)
 Biyiik veri kiimelerini analiz ederek 6grenir
e Istatistiksel teknikler kullanir

* Verilerden algoritmalar gelistirir

Nguyen LP, et al. Diagnostics 2023, 13, 2087..
Bal T. Viral Hepatitis Journal 2024; 30(1):1-6
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* Daha fazla veriy1 analiz ettik¢e anlayisini gelistirir %

» Strekli 6grenme siireci, modelin giderek daha dogru ve (&
-0

guvenilir olmasini saglar 5t %P

Theodosiou AA, Read RC. J Infect.. 2023 Oct;87(4):287-294
Bal T. Viral Hepatitis Journal 2024;30(1):1-6

Dogal Dil Isleme (NLP)
Bilgisayarlarin insan dilini anlamasini, olusturmasini ve islemesini saglayan yapay

zekaninbir dali (Sir1, Alexa gibi...)



Derin ogrenme (DL)

* Verilerden 6grenmek i¢in yapay sinir aglarini
kullanir

* Geleneksel makine 6grenimi algoritmalariyla

karmasik kaliplar1 ve iliskiler1 6grenebilirler

* Yiksek hacimli ve boyutlu veriler1 igceren

karmasik gorevlerde tstiin

Theodosiou AA, Read RC. J Infect. 2023 Oct;87(4):287-294



Biiyiik Dil Modelleri (LLM)

* Metin tabanli i¢erigi anlamak, 6zetlemek, olusturmak,
tahmin etmek i¢in derin 6grenme tekniklerini ve ¢ok

bliylik veri kiimelerini kullanan bir tiir yapay zeka

algoritmasi

* Insan benzeri metin tiretmek i¢in biiyiik veri hacimleri T S—

. o need to know
lizerinde egitilen modeller

Theodosiou AA, Read RC. J Infect. 2023 Oct;87(4):287-294
Alowais SA,et al. BMC Med Educ. 2023 Sep 22;23(1):689.



Exploring the Historical Journey of Artificial Intelligence

\ /HIW 1998 2008
5 6 7 8 9 10

Enigma Test for The The first The Man vs The Voice The Q/A

broken machine father of chatbot - chatbot Machine emotionally recognition computer  revolutionary
with Al intelligence Al - John Eliza ALICE - equipped feature system - tool for
by Alan McArthy DeepBlue robot - IBM automated
Turing beats Kismet Watson  conversations
chess - GPT
legend models

1951'de Christopher Strachey, 1lk yapay zeka programi
1956'da John McCarthy, "Yapay Zeka" terimi

2000’11 yallar Apple'in Siri's1i ve Amazon'un Alexa'si

Alowais SA, et al. BMC Med Educ . 2023 Sep 22;23(1):689.



tarafindan gelistirilen Deep Blue adli bilgisayari P

yener

NO FEELIi. NO FEAR. NO CONTEST.
' Q<

* Sirket, makineyi gelistirilir

 Deep Blue, 1997'de diinya sampiyonunu yenmeyi

basarir




Saghkta yapay zeka

Meme
Kanseri
Karaciger
Hastaliklar
Kardiyak
hastaliklar
Diyabet

Kronik
Bobrek

Tiroid
Hastaliklari

Hastalig

Polatli LO, et al. Eurasian Journal of Health Technology Assessment (EHTA) 2022; 6(2); 117-143



Saglikta yapay zeka

é

Patient 1D

Tan1 (ROntgen, MRI, retinopati)

Sex

Genotipik degerlendirme (hastaliga yatkinligin

kOVes

Body weight (k)

Dally dosage of valprolc acld (g)

Female

|
Co-administration of enzyme Inducers : Need TOM? ~ Yos
| i

No

\

| Your desired lamotrigine serum
| concentration (ug/mL):

i Dally dosage estimate (mg/day) :

degerlendirilmesi)

[la¢ gelistirilmesi, mevcut ilaglari kullanim

alanlarinda farkliliklar

Personalized dosing
recommendations
@,
00

—_—
o

Self-leaming \J ML algorithms ‘

I

Model refinement
‘ EHRs

Web server

TDM

Figure 4. Web application to personalize dosing adjustments of lamotrigine, and the model’s self-learning
and refinement processes. ML machine learning, TDM therapeutic drug-monitoring, EHRs electronic health
records.

Bireysellestirilmis tedavi yaklasimlari (1lag dozu monitorizasyonu, ilag¢ etkilesimleri,

genetik yapi, medikal oykii, ¢evre, yasam tarzi...)

Alowais SA,et al. BMC Med Educ. 2023 Sep 22;23(1):689.
Zhu X, et ai. Sci Rep. 2021 Mar 10;11(1):5568.




Tablo 3. Diyabet hastalig1 Alaninda Yapilan Makine Ogrenmesi Calhismalar:.

Yazar ve J Eargilagtirincy Dogruluk
Algoritm Ele Alinan Problem Sonuclar Yapilan £
Yayim Yihx (%)
Algoritmalar
. Makine 6grenmesi
Ny V| smoTe | Phyabet baslangicr o1 | modelleriyle iyi sonuglar clde 82,12
e —— - etmislerdir. =

Tiggaa vd. RE Diyabet riskini Random Forest (RF) en iyi LR, K-NN. SVM, 04.1

(2020) tahmin etmek tahmincidir. NB, DT.RF ’

2 _ Diyabet hastalar: tahmin
i e SVM L2 i s e ctmede %89.02 dogruluk 89.02
vd. (2019) siniflandirmak 35 -
gostermektedir.
g !

z : : En 1y1 sonucu Support Vector
Viloria vd. Hastalarin diyabet hastas: x R

(2020) VDA olma ihtimali tahmin etmek Machine (SVM) _algorltrnam = 99,2

vermistir.
. i DNN hastalara dogru ilac:

ESpuatas Sl DNN Dlyab_et haitalarxna doges teshis etmeye yardimci K-NN. DT 98.16

(2020) ilaci Snermek

olmaktadar.
Insandaki diyabeti Random Forest diger

Reddy vd. RE maksimum dogrulukla smiflandiricilara kiyasla en SVM. K-NN.LR. 08.48

(2020) Ongdren bir model yiiksek performansi NB ’

tasarlamak Ostermuastir
k=3 s

Muiumd Diyabet siniflandirmasiigcin lEn ltyl qo;zilzdv%‘ex1 " AdaBoost, Gradient

WHmCar | AdaBoost| bir diyabet tahmin modeli ARG A STOR Boost. RF. LR, DT.| 98.8
vd. (2019) & algoritmasi oldugunu

Snermek ; LDA
bulmuslardir.
Makine 6grenmesi En iyi1 ¢oziim veren
Baig vd. RFE algoritmalar kullanarak algorittmanin Random Forest | Linear Regression, 99
(2020) diyabet hastaligini erken algoritmasi oldugunu DT.K-NN, RF

teshis etmek

bulmuslardir.

Polatli LO, et al. Eurasian Journal of Health Technology Assessment (EHTA) 2022; 6(2); 117-143



Diyabet ve Yapay Zeka

Diabetes Management and Public Health Interventions: Al

Treatment: Al personalizes diabetes develops tools for assessing and
treatment and insulin dosing. preventing diabetes complications.
Diagnostic and Imaging Prevention, Lifestyle & Dietary
Technologies: Al improves Management: Al customizes dietary
accuracy in diabetes-related and lifestyle advice for diabetes.

medical imaging. AI for
o
Diabetes

Enhancing Clinical Decision-
Making: Al informs and refines
healthcare professionals’ decisions.

Health Monitoring Systems: Al
enhances real-time glucose
monitoring and alerts.

Developing Predictive Models: Al Patient Engagement and Self-
forecasts diabetes progression and Management: Al tools boost patient
treatment responses. involvement in diabetes care.

Fig. 2. AI Enhances Eight Domains of Diabetes Management.

304 adet makele taramasi ve sonucta 43 makalenin degerlendirilmesi

Khalifa M, et al. Computer Methods and Programs in Biomedicine Update. 2024: (5);100141



https://www.sciencedirect.com/journal/computer-methods-and-programs-in-biomedicine-update

Diyabetik ayak ulserleri ve yapay zeka

Further evidence that wound size and duration are strong
prognostic markers of diabetic foot ulcer healing
David J. Margolis, MD PhD', Nandita Mitra, PhD"', D. Scott Malay, DPM?2, Ziad K. Mirza, MD3,

John C. Lantis, MD%, Hadar A. Lev-Tov, MD®, Robert S. Kirsner, MD PhD®, Stephan R. Thom,
MD PhD®

* Prospektif kohort ¢calismasi

e 204 diyabetik ayak tilseri

* 16 haftalik takip

* Modeller onceki literatiire dayandirilmis ve makine 6grenme algoritmasi
kullanilmis

* Yara alan1 ve yara stiresi yara 1yilesmesini tahmin etmek 1¢in kullanilabilir

Wound Repair Regen. 2022 July ; 30(4): 487-490.



Contents lists available at ScienceDirect

Diabetes Research and Clinical Practice

journal homepage: www.journals.elsevier.com/diabetes-research-and-clinical-practice

Artificial intelligence for automated detection of diabetic foot ulcers: A e
real-world proof-of-concept clinical evaluation

Bill Cassidy “* , Moi Hoon Yap “, Joseph M. Pappachan ", Naseer Ahmad -, Samantha Haycocks ol
Claire O’Shea “, Cornelious J. Fernandez ', Elias Chacko “, Koshy Jacob ", Neil D. Reeves'

81 diyabetik hastanin akilli telefon ile ¢ekilen 203 ayak fotografi
162 en az bir ulser1 gosteren goruntii, 41 ulser olmayan gortntii

1775 diyabetik ayak ulser1 fotografi 1le makine 0grenimi saglanmais

Cassidy B, et al. Diabetes Res Clin Pract. 2023 Nov:205:110951




Foot Check <« Foot Check

o o Set feet 1o examine, solect number of
wicers, then tap Next

Left Foot Ulcers visible

Examine?

Ulcers visible

Right Foot

Examine?

Tap ‘Start’ }—)(Scan Patient QR Code }—)[Select Feet to Check (lefl, right)}—){ Select Number of Ulcers Visible for Each Foot ]
J

* Uzman klinisyen gortisii 1le yapay zeka sonuclar karsilastiriimis

* Mikemmel duyarlilik (0,9157) ve yuksek 6zgulliik (0,8857) saptanmis
L e

Fig. 1. Illustration of the main data-capture screens in the smartphone app and the clinical procedure for its use in patient appointments during the proof-of-concept

clinical evaluation.

Cassidy B, et al. Diabetes Res Clin Pract. 2023 Nov:205:110951



MINIREVIEWS

The role of artificial intelligence technology in the care of diabetic
foot ulcers: the past, the present, and the future

Diyabetik ayak tlserlerinin fotograf makinesi ve cep telefonu kamerasi ile

takibi yapilabilir mi?

DOI: 10.4239/wjd.v13.i12.1131 Copyright © The Author(s) 2022.‘

Figure 2 An infected ulcer on the plantar aspect of the left foot. A: The ulcer is labelled (dotted line marking the boundaries) for the training set. The
white box shows the site and type of ulcer. B: The peri-wound of the ulcer is labelled with a dotted line. The white box shows the site of the ulcer and the peri-wound.

Pappachan JM, et al. World J Diabetes 2022 December 15; 13(12): 1131-1139



Kameranin ayaktan uzakligl
Aydinlatma kosullari

Yetersiz odaklanma, aydinlatma
Hareket bozukluklari

Arka 1siktan kaynaklanan dusuk kaliteli goruntuler

Ayak/ayak parmaklarindaki deformasyonlar i

Ulserlerin boyutu ve sekli goriintii kalitesinde etkili

* Yapay zeka teknolojisini kullanarak tahmin modelleri gelistirilebilir

Pappachan JM, et al. World J Diabetes 2022 December 15; 13(12): 1131-1139
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Recognition of ischaemia and infection in diabetic foot ulcers: Dataset and Spied
techniques

Manu Goyal ?, Neil D. Reeves ", Satyan Rajbhandari ©, Naseer Ahmad ¢, Chuan Wang °,

Table 1
The number of infection and ischaemia cases, number of DFU patches and augmented
patches using Natural Data-augmentation in DFU Dataset.

Category Definition Cases DFU patches Augmented patches
Ischaemia Absent 1249 1431 4935
Present 210 235 4935
Total images 1459 1666 9870
Bacterial infection Hone 626 sl 2948
Present 831 982 2946
Total images 1459 1666 5892

1459 olgunun fotograflari

2 uzman tarafindan degerlendirme yapilmis

/_J Farkli goriis durumunda kidemli uzmanin

(¢) Ischaemia (d) No Ischaemia

goriisii kabul edilmis
Goyal M, et al. Comput Biol Med. 2020 Feb:117:103616.




Qverlay of superpixels Output of mean RGB color Extracting Red and Black regions
DFU Patch on DFU Patch of each superpixel with threshold values

DA iilserlerinde infeksiyon ve oy .

4

%

iskemi varligini belirlemek i¢in

. L] . L] . L]
yeni bir veri seti ve bilgisayarl
Fig. 6, Example of extracting red and black regions from DFU patch with proposed Superpixel Colour Deseriptar algorithm which was then used to inform identification of
ischaemia and infection. The k value of 200 for superpixel algorithm effectively oversegmented the DFU patches.

goris teknikleri arastirilmis

Natural Data
Augmentation

Original
Image “._ Bottleneck
. features Infection or

No-Infection

El yapimi1 makine 6grenimi i¢in,

| Ischemia or
No-Ischemiza

stiperpiksel renk tanimlayicisi

kullanilmais

Fig. 7. Extracting bottleneck features from CNNs and fed into SVM classifier to perform binary classification of ischaemia and infection, where C1-C5 are convolutional layers,
P1-P5 are pooling layers and FC is fully connected layer. Note: The CNNs in this figure are just representations of general CNNs architecture and do not represent the original
CNN architectures of Inception-V3, ResNet50, and InceptionResNetV2

Goyal M, et al.Comput Biol Med. 2020 Feb:117:103616.



Hem infeksiyon hem de iskemi veri setleri
* %70 egitim i¢in
* %10 dogrulama

e 9520 test seti olarak

M. Goyal et al Computers in Biology and Medicine 117 (2020) 103616
Table 2
The performance measures of binary classification of ischaemia by our proposed handcrafted traditional machine learning and CNN approaches.
Accuracy Sensitivity Precision Specificity F-measure MCC score AUC score

BayesNet 0.785 = 0.022 0.774 + 0.034 0.809 + 0.034 0.800 = 0.027 0.790 = 0.020 0.572 = 0.044 0.783
Random forest 0.780 + 0.041 0.739 + 0.049 0.872 =+ 0.029 0.842 + 0.034 0.799 + 0.033 0.571 = 0.078 0.780
Multilayer perceptron 0.804 + 0.022 0.817 + 0.040 0.787 = 0.046 0.795 = 0.031 0.800 + 0.023 0.610 = 0.045 0.804
InceptionV3 (CNN) 0.841 = 0.017 0.784 + 0.045 0.886 =+ 0.018 0.898 =+ 0.022 0.831 + 0.021 0.688 = 0.031 0.840
ResNet50 (CNN) 0.862 + 0.018 0.797 + 0.043 0.917 + 0.015 0.927 + 0.017 0.852 + 0.022 0.732 + 0.032 0.865
InceptionResNetV2 (CNN) 0.853 = 0.021 0.789 + 0.054 0.906 = 0.017 0.917 = 0.019 0.842 + 0.027 0.714 = 0.039 0.851
Ensemble (CNN) 0.903 + 0.012 0.886 + 0.035 0.918 =+ 0.019 0.921 + 0.021 0.902 + 0.014 0.807 =+ 0.022 0.904

Table 3
The performance measures of binary classification of infection by our proposed handcrafted traditional machine learning and CNN approaches.
Accuracy Sensitivity Precision Specificity F-measure MCC score AUC score

BayesNet 0.639 = 0.036 0.619 + 0.018 0.653 = 0.039 0.660 = 0.015 0.622 + 0.079 0.290 = 0.070 0.643
Random forest 0.605 = 0.025 0.608 + 0.025 0.607 + 0.037 0.601 = 0.069 0.606 + 0.012 0.211 = 0.051 0.601
Multilayer perceptron 0.621 + 0.026 0.680 + 0.023 0.622 =+ 0.057 0.570 + 0.023 0.627 + 0.074 0.281 + 0.055 0.619
InceptionV3 (CNN) 0.662 = 0.014 0.693 + 0.038 0.653 = 0.015 0.631 = 0.034 0.672 = 0.019 0.325 = 0.029 0.662
ResNet50 (CNN) 0.673 = 0.013 0.692 + 0.051 0.668 = 0.023 0.654 = 0.051 0.679 + 0.019 0.348 = 0.028 0.673
InceptionResNetV2 (CNN) 0.676 + 0.015 0.688 + 0.052 0.672 + 0.015 0.664 + 0.039 0.680 + 0.024 0.352 + 0.031 0.678
Ensemble (CNN) 0.727 + 0.025 0.709 + 0.044 0.735 + 0.036 0.744 + 0.050 0.722 + 0.028 0.454 + 0.052 0.731

Goyal M, et al.Comput Biol Med. 2020 Feb:117:103616.




Ensemble Convolutional Neural Network (CNN) derin 6grenme algoritmasi 1ile

1skemi siniflandirmasinda %90 ve infeksiyon siniflandirmasinda %73 dogrulukla

makine 0grenimi algoritmalarina kiyasla daha 1y1 performans gosterdigi bulunmus

ROC Curves for Ischemia Classification
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Fig. 8. ROC curve for all TML and CNN methods for ischaemia classification.

ROC Curves for Infection Classification
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Fig. 9. ROC curve for all TML and CNN methods for infection classification.

Goyal M, et al. Comput Biol Med. 2020 Feb:117:103616.




Journal of Diabetes Science and Technology
2024, Vol. 18(4) 874-88I

A MaChine Learning MOdeI for PI’EdiCtiO“ © 2022 Diabetes Technology Society

Article reuse guidelines:

Of A m p utat i o n i n D i ab et i CS sagepub.com/journals-permissions

DOL: 10.1177/19322968221 142899
journals.sagepub.com/home/dst

®SAGE

* 326.853 diyabetik ayak infeksiyonu ile yatan hasta
* %35,9 major amputasyon
* Gangren, periferik vaskiiler hastalik, kilo kaybi, sistemik infeksiyon ve osteomiyelit

risk faktorleri

Stefanopoulos S, et al. J Diabetes Sci Technol. 2024.
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Figure 2. Decision tree model (CTREE).

Table 3. Top Five and Top 10 Model Performance.

Sensitivity Specificity Performance
(%6) (26) (%6) AUC

10 variables

Testing 76.7 79.0 77.8 0.84

Training 77.0 78.9 AR NA

Boosted 77.0 78.8 779 0.84
5 variables

Testing 762 794 77.8 0.84

Training 761 793 77.7 NA

Boosted 762 794 77.8 0.84
Random forest

Training 755 79.8 V&7 2 4 NA

Boosted ZEF. 79.8 77.8 0.83

Abbreviarions: AUC, area under the curve: NA, not applicable.

* Makine 6grenimi yontemlerini kullanarak, amputasyon riski

Stefanopoulos S, et al. J Diabetes Sci Technol. 2024.

Y% 17,8 dogrulukla tahmin eden bir algoritma




ML ve DL algoritmalari

* Mikroorganizmanin tespiti

Signoroni A et al. Nat Commun. 2023 Oct 28;14(1):6874.

e Ureme yogunlugunun belirlenmesi

* Antimikrobiyal direng profili

Theodosiou AA, et al. J Infect. 2023 Oct;87(4):287-294.



 Kiiltiir plakalarinin dijital goriintii

analizi, mikrobiyologlar tarafindan

yapilan geleneksel yontemle

karsilastirilmis

* Sistem i¢in duyarlilik %90,8 ve
ozgiillik %92,8

Theodosiou AA, Read RC. J Infect.. 2023 Oct;87(4):287-294



> Nat Med. 2022 Jan;28(1):164-174. doi: 10.1038/s541591-021-01619-9. Epub 2022 Jan 10.

Direct antimicrobial resistance prediction from
clinical MALDI-TOF mass spectra using machine

learning

* 300.000'den fazla MALDI-TOF ve 750.000'den fazla animikrobiyal direng

fenotipi1 1¢ceren bir veri kiimesi
* MALDI-TOF 1ile birlestirilen makine 6grenimi

* S. aureus, E. coli ve K. pneumoniae da dahil olmak tizere direncli patojenlerin

tespit edilebiliecegi bildirilmis (sirastyla AUROC 0,80, 0,74 ve 0,74)

Weis C, et al. Nat Med. 2022 Jan;28(1):164-174.




Machine Learning for Antimicrobial Resistance Prediction:
Current Practice, Limitations, and Clinical Perspective

Machine Learning for AMR Prediction

Clinical Microbiology Reviews

~
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» Choose appropriate
evaluation metrics

—

Test the final model

FIG 1 Workflow for ML prediction of AMR.

Kim JI, et al. Clin Microbiol Rev . 2022 Sep 21;35(3):e0017921.




Antimikrobiyal direnc ile savasta makine ogrenimi

Complex neural Machine Learning
i Uhiatelled o s 8

Trial an
* Reinforcement learning
l models

Hidden patterns Optimal

Deep learning
« Artifical neural network

* Convolutional neural

* Recurrent neural network

decision-making
strategies

Hts =
ittt od
- e
N/ NZNTAY/
Antibiotic susceptibility Identifying resistant Resistance mechanims Optimizing treatment
Patient records strains from genetic Novel resistance genes protocols
Microbial genomes sequences Antibiotic dosages
Fig.1 ML methods and applications in the fight against antimicrobial resistance Lastra JM et al. Journal of Medical Systems (2024) 48:71

Ahmad et al. JVS-Vascular Insights 2024



From Data to Decisions: Leveraging Artificial Intelligence and Machine
Learning in Combating Antimicrobial Resistance — a Comprehensive
Review

José M. Pérez de la Lastra' - Samuel J. T. Wardell? - Tarun Pal® - Cesar de la Fuente-Nunez%>%7 . Daniel Pletzer?

Manuel test 1thtiyacini azaltir ve insan hatasini en aza indirir

¢ Yiiksek kaliteli ve kapsamli veri kiimelerinin elde edilmesi ve entegrasyonu zor
“* Gizlilik ve hasta giivenligi endiseleri

* Karmasik modeller ve biiyiik veri kiimeleri uzmanlik gerektirir
* Sistemlerin gelistirme ve uygulama maliyetleri yliksek
“* Mikroorganizmanin dinamik yapisi, modellerin siirekli olarak giincellenmesini ve

yeniden egitilmesini gerektirir

Lastra JM, et al.Journal of Medical Systems (2024) 48:71




Antimicrobial Stewardship & Healthcare Epidemiology (2023), 3, €219, 1-4

doi:10.1017/ash.2023.494 0 SHEA

Commentary

Revolutionizing antimicrobial stewardship, infection prevention, and
public health with artificial intelligence: the middle path

Hasta verilerini analiz ederek

Hastanin onceki antimikrobiyal kullanimi bilgisini degerlendirerek

Kiiltiir ve duyarhilik verilerini goz ontinde bulundurarak

Ampirik veya hedefe yonelik en uygun tedaviyi secerek

[laglarda doz optimizasyonunu saglayarak

Direng gelistirme riskini en aza indirebilmek i¢in bireysellestirilmis tedavi

oneriler1 sunarak antimikrobiyal yonetimine katkida bulunur

Marra A, et al. Antimicrob Steward Healthc Epidemiol. 2023 Dec 1;3(1):e219.



Yapay zekanin faydalari

Verimlilik

Dogruluk




Yapay Zeka ve Sorunlar

* Mevcut klinik ve laboratuvar is akisina

nasil entegre edilecegini tartismali

* Belirli bir ver1 kiimesi kullanilarak
gelistirilen modellerin diger
popiilasyonlara ne ol¢iide

genellestirilebilecegi belirsiz




Yapay Zeka ve
Sorunlar

* Eksik ve hatali verilerin girilmesi

kullanilmamasi

ER 4

* Kullanilan modellerin performansinin zam

icinde denetiminin yapilmamasi



Yapay zekanin kara kutusu

INPUT
-

A

BLACK BOX

OUTPUT

4
Black Box Mode! S AR )
‘“i,/"y" /\b
.//
~-~ /
Explainable Al &» “ r\',‘c‘

This is an
insect!

Why?

Because it has 6 legs

=

This is an
insect!

Yapay zekada isleme katmanlarinin cogu insan kullanicisindan gizli kalir




SONUC OLARAK

* Erken teshisi saglayarak ve tedavi stirecini hizlandirarak,

hastalarin ekstremite kaybini azaltabilir.

e Infeksiyonun seyrini tahmin edebilir, erken miidahaleler ile
tedavi maliyetlerini diistirebilir ve hasta sonuglarini
1yilestirebilir.

* Kisisellestirilmis tedavi planlari olusturabilir, infeksiyonun en

etkili sekilde yonetilmesini saglar.



ilginiz i¢in tesekkiir ederim



