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Yapay Zeka

“*Yapay zekd (Artificial
Intelligence/ATI)

* Bilgisayarlarin insan benzeri
diustinme, OJgrenme ve karar
verme yeteneklerini taklit
etmesini saglayan bilgisayar
biliminin bir alt dalaidair

* Yapay zeka, kural tabanli

sistemlerden O0Jrenen ve Ureten . Bl
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Karar Destek
Sistemleri

<*Karar Destek Sistemleri (Clinical
Decision Support Systems - CDSS)
Nedir?

* Hasta verilerini analiz ederek
hekime tani ve tedavi siUrecinde
Oneriler sunan sistemlerdir

* Hekimin yerine karar veren
degil
* Hekimin klinik kararini veriyle

guclendiren, Oneri sunan
sistemler

Clinical Decision
Support Systems

Patient

Predicted
Outcome/Recommendation

Patient’s Clinical



Klinik Karar Destek
Sistemleri

Kural tabanli (Knowledge-based CDSS) ;

* MYCIN;

* 1970'lerde Stanford Universitesi’nde gelistirilen ilk

sistem;

v" Kural tabanli sistem (=450 kural)

v\ Klinik rehberleri kullaniyor; Uygun antibiyotigi,
dozunu Oneriyor

<

Uzman kurallari (“eger-ise”)

v\ Belirsizlikle basa cikabiliyor

v Dezavantajlari;

>
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Klinik entegrasyon yok
Hukuki sorumluluk belirsiz
Kullanimi zor

Glincellemesi zor

Karmasik durumlarda yetersiz

Knowledge based single system CDSS
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Klinik Karar Destek

Sistemleri I

. '
Communication Knowledge Base
- s Interface Engine e %

Krowdndge User ~

I—.. Clinical Data

* Veri Tabanli (Non-knowledge-based
/ AI-CDSS) ;

Non-knowledge based single system CDSS

Rae ommaendanons 1

M :
Algorithm
Communication Al-Powered eC ’r:’n:nv al
Interface interface Engine porbianaa
network

e Klinik veri kullanir
* Algoritma (neural network vb.) it e
* Sistem veriden OgJrenir

- Clinical Data

Kendi kurallarini olusturur

Sutton RT et al. An overview of clinical decision support systems: benefits, risks, and
strategies for success. NPJ Digit Med. 2020



“| Antimikrobiyal Direnc:
Kuresel Tehdit

* Dinya Sadlik Orguti’ne gdre antimikrobiyal direnc, insanligin
karsi karsiya oldugu en buyuk halk sagligi tehditlerinden biridir

* Antibiyotik direncli enfeksiyonlarin, 2050 yilina kadar yilda 10
milyon Olume ve 100 trilyon dolar ekonomik kayba yol acacadi
ongoriulmektedir

* Direncli mikroorganizmalarin sikligi artmaktadir
* Yenli antimikrobiyal ajan gelistirme siurecili yetersizdir

* Antibiyotik direnci, caddas tibbin temel kazanimlarini tehdit
etmektedir;
v Organ nakli
v Kemoterapi
v Sezaryen ve majdr cerrahiler

* CDC antibiyotik yonetiminil (stewardship) direncle miucadelede en
kritik mudahale olarak tanimlamaktadir




Antibiyotik
Seciminde Neden
yﬁPlan' X ni nztal%éé 1na gercek zamanli Outer speciabes assessments

; u | .II::.u. iy
ve biutincil yonetemeyecedi kadar 4_ E < —. tesl
karmasik ve hizli [: p O B E

L. e D . & L L)
* Zaman kritik: Kiltur ve antibiyogram . e v é “ >
, , New prescripeions | maging sodies
Sonuc¢ lari gecl kir il O lsbrecticnd A Medication list | | ™" 5
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* Veri yuku fazla: Klinik,
mikrobiyolojik ve epidemiyolojik AL-CDSS
veriler kompleks mmmndz

O1agnosis:

PersonalLzed '

* Direng¢ ongoriusu: Lokal direng Treament: (g
paternleri hizli degisir ‘peggogzlluzd

Recommendations: ¢

* Uygun tedavi ihtiyaci: Gereksiz genis
spektrum kullanimi yaygin

* Kisisellestirilmis yaklasim: Her
hasta farkli risk profiline sahiptir

* Artan veri yuikid ve zaman baskisi
nedeniyle antibiyotik yonetisiminde
yvapay zeka artik bir gereklilik
— — .



Antimikrobiyal Yonetisimde Yapay
Zekdnin Kullanim Alanlara

* Antibiyotik Receteleme Analizi;

v ' Dozlama hatalarinin dnlenmesi

v Gereksiz genis spektrumlu * Kisisellestirilmis Antlblyctlk
antibiyotik kullaniminin Segimi;
azaltilmasi v Hasta bazli antibiyotik
\/Tedavj_ siiresinin thj_mj_ze Onerileril sunabilmektedir

edilmesi saglar

* Klinik Eczacilik ve AMY Ekipleri

e Antibiyotik Direnc Ongdériisii ve 1le Entegrasyon;
EGilim Izleme; v Otomatik Oneriler sunarak is
v Antimikrobiyal kullanim yukunu azaltir
politikalarinin dinamik olarak v'Daha fazla hastanin
guncellenmesini degerlendirilmesinil sadglar

v Riskli alanlara yonelik
hedeflenmis midahalelerin

g e Izlem, Geri Bildirim ve Performans
uygulanmasini saglar

Gostergeleri;
v Asiri antibiyotik
recetelemesinin Onine



Ay antibiotics ﬁq\ow

Systemabic Review
Brave New World of Artificial Intelligence: Its Use in
Antimicrobial Stewardship—A Systematic Review

Rafaela Pinto-de-5a 1, Bernardo Sousa-Pinto 237 and Sofia Costa-de-Oliveira '3

* Yapay Zekanin Yeni Diinyasi: : ||| I | |I II II I

Antimikrobiyal Yonetimde
Kullanimi - Sistematik Derleme

* Toplam 18 c¢alisma;

» 2016 yili
yaylimlanm

7Bu derlemede yer alan calismalar, \\igj —
vapay zekd destekli yaklasimlarin
antimikrobiyal ydnetim sireclerini

iyilestirme ve antimikrobiyal 2n performans oleutd
ler 0.64-0.992 arasinda

»Bir calis
ulkeden,

tamami y{g - . 3 :
iilkelerdd direncin kontroline katki saglama

> 07 g pros¥gotan51yellnl ortaya koymaktadir -/

retrospektif gozlemsel
tasarima sahip




Table 1. Cont.

Study Pu:::?:a‘:ifon Country Ceﬁ::rs Sl‘;:g:‘;me Target Population No. Patients Infsec“lelon No. Features Objective Algorithm :iee;f:::::‘::l Main Results
To develop
prediction
models based
on local clinical
Patients with and laboratory The AUC on the validation set
uncomplicated Upper 50 (univariate data to guide AUC, for the models was similar:
[34] 2020 St 1 J UNI:)evgg);Setro URTI at the 715 respiratory analysis), 8 antibiotic [l‘,fs?(gd :xl‘sé sensitivity, LASSO: 0.70 [95% CI: 0.62-0.77],
8apo 2018 emergency tract included inthe  prescribing for CART specificity, PPV, LR: 0.72 [95% CI: 0.65-0.79],
department at Tan infections algorithm adult patients NPV decision tree: 0.67 [95% CL:
Tock Seng Hospital wit.:ll 4 0.59-0.74].
uncomplicate
upper
respiratory
tract infections
Decision trees and RF were
To predict excluded based on their poor
antibiotic validation set performance and
susceptibility relative lack of interpretability.
using The LR model provided
Patients presentine% electronic antibiotic stewardship for a
Ama ram boyama sonu akteriyel health record common infectious syndrome
. . . S . data and build . by maximizing reductions in
- patojenlerin standart ampirik antibiyotik U . A I&id:;:g AUROC, FN broad-spectrum antibiotie use
& ; ; ; R ; A algorithm for ? rates while maintaining optimal
tedavileriyle tedavi edilip edilemeyecedini Ry i models e s
éngérmek the narrowest algorithm achieved a 67%
» . possible reduction in the use of
Random Forest (RF) yontemi genel olarak en antibiotic to second-line antibiotics relative
T R - : which a to clinicians and reduced
iyl O6ngdril performansini gdstermis Wi s Eppropsiis ariEi: Gerapy
AUC degerleri: Seftriakson - 0.80, Amp + susceptible bY18°/°'§11:ied:>I§*“ate°f
Gent —» 0.74, Direnc - 0.85, Gram — 0.71 RELR
Bu model, hem tedavi sec¢imini hem de To predict deci;fr:h?esd : MWL
. . .. . o : constructed via me ad the bes!
m1krob1y01031k ongoruyu ayni anda 4// Sﬁ:iﬁ: recursive predictive performance overall:
T T - = 3 partitioning, AUC of 0.80 (95% CI 0.66-0.94)
yapabllmektedlir E i enaiiinat bz;:]tenal boosted for predicting susceptibility to
ast one positive < 5 . pathogens = i
[36] 2019 Gamboils: 1 February 2013 \1 o g lturefrom L0 (trainingset); 48 5, o am 35 could be decision trees AUROC ceftriaxone, 074 (0.59-0.89) for
to January 2016 hi Hospital f (model validation) trated with using adaptive susceptibility to ampicillin and
gk(ghﬂgs!g:‘ L s:af\ d;:;nd boosting, linear gentamicin, 0.85 (0.70-1.00) for
empiric SVM,‘ susceptibility to neither, and
tibiotic polynomial 0.71 (0.57-0.86) for Gram stain
z;mwns SVM, radial result.
SVM, and
k-NN

Pinto-de-S& R et al.
Stewardship. Antibiotics

Brave New World of Artificial Intelligence:
(Basel) . 2024

Its Use in Antimicrobial



Table 1. Cont.

\_

Stud Ye'ar o.f Count Na, i Target Population No. Patients Infe'clion No. Features Objective Algorithm Derfomiancé Main Results
Y Publication Ty Centers Frame 8 Site ) 8 Measurement
ML toolkit:
WEKA—Data
Mining
' To compare the Software in TP rate, FP rate,
[nv.a el 23.067 (bi perfc_)nna;,}fi“e of W Jﬁ;’: o precision, The best performances were
] 2017- ICU patients in a = pnatt;lry, nu;n ri( | an)ci ale(l)%i:;lms - I_Igf_INIgAlé recall, obtained with the RIPPER
[23] 2020 Greece 1 R public tertiary 345 T T BTG 8 < F-measure, algorithm (F-measure of 0.678)
December 2018, . cocutaneous, categorical in assess LR and linear 6
Cerranli antiblyoOtliK prorllaksisinin it total) antibiotic SUM:SVMs:  ™me AUROC,  and the MLP classifier (\UROC
rehbere uygunlugunu dederlendiren ML infections susceptibility SMO; pmi{!?tmau or07)
. - ) predictions instance-based P
modelil gelistirmek learning
(k-NN); J48; RF;
o - . RIPPER; MLP
EIUI 1yl plerfc.).rmans, gosteren makine Supervised ML
Ogrenmesl yontemili cok katmanli neural classifiers
network (MLP) olmustur; duyarlilik (A(lllig;e‘ZiEnKA
0.967, ozgiillik 0.992, precision 0.967 g i Todevelop optimisation 1" % TV
ve AUC 0.992 olarak bulunmustur infection acfgu;ate;ﬁng memg}l_),_gw AUC, precision, The ML techni ith the bes
healthcare- (blood- aRcen (adtitic specificity, oraine i .
Mav 2013 to ihsata S models for neural sengitivi 4 performance metrics was the
[24] 2022 Taiwan 25 Y % 3 g 7377 i 26 auditin, network), 7 ) MLP, with a sensitivity of 0.967,
May 2014 infections receivin, urina 8 weighted .
y t least & % appropriate decision tree, for the specificity of 0.992, precision of
anﬁ:m:risbig?firu fﬁgﬁoﬁl surgical SimpleLogistic avf;?ﬂgfic;; 0.967, and AUC of 0.992.
6 sitegl antimicrobial (LogitBoost e )
infecti prophylaxis CART e
ection). algorithm), execution time
bagging,
SMOTE and
AdaBoost)
Patients with UTI Choosing the antibiotic
and wound 5 ek treatment with the minimal
infections from 2 ML-predicted risk of emergence
June 2007 to Maccabi Healthcare 140,349 UTI and 7365 UTl and miggld:;& ef Borscng of resistance reduces the overall
[25] 2022 Israel 1 Services (MHS) 4 : Not specified pe ML : 2 risk of emergence of resistance
January 2019 ith at} wound infections. wound treatment- predicted risk % for UTIs and 74% f
with at least one s by 70% for and 74% for
record of a positive S a%n e wound infections compared to
wound infection the risk for physician-prescribed
culture treatments.

Pinto-de-S& R et al.

Stewardship. Antibiotics (Basel). 2024

Brave New World of Artificial Intelligence: Its Use in Antimicrobial
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dar spektrumlu uygun antlblyotl(jl with o and laboratory The AUC on the validation set
. cated Upper 50 (univariate data to guide LR models AUC, for the models was similar:
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o . ncy tract included inthe  prescribing for CART specificity, PPV, LR: 0.72 [95% CI: 0.65-0.79],
Decision Trees ve Random Forest , at Tan infections algorithm adult patients NPV decision tree: 0.67 [95% CL:
doJrulama setindeki diisiik jonptat — i
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° ! Y antibiotic validation set performance and
susceptibility relative lack of interpretability.
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Breda? basdBAsi kErunmi¥7©2016  GeneralHospital  dataset); 3629 (test set) oH 8 algorithm for ~ Te& and RF rates while maintaining optimal
; 2 models
and the Brigham recommending treatment outcomes. The
and Women’s the narrowest algorithm achieved a 67%
Hospital in Boston possible reduction in the use of
antibiotic to second-line antibiotics relative
whicha to clinicians and reduced
specimen is inappropriate antibiotic therapy
susceptible by 18%, close to the rate of
clinicians.
RE LR,
T dict decision trees
G:a_s\n; e constructed via The RF method had the best
and whother recursive predictive performance overall:
Children with at bachesial partitioning, AUC of 0.80 (95% CI 0.66-0.94)
tast on::olsiti?re paE:;o;eans boosted for predicting susceptibility to
[36] 2019 Cambodia 1 February2013 )0 q cilture from 120 (rainingset); 48 o, am 35 could be decision trees AUROC ceftriaxone, 0.74 (0.59-0.89) for
to January 2016 7 (model validation) = using adaptive susceptibility to ampicillin and
Angkor Hospital for treated with
Children chardand boosting, linear gentamicin, 0.85 (0.70-1.00) for
empiric SVM, ! susceptibility to neither, and
it polynom{al 0.71 (0.57-0.86) for Gram stain
regimens SVM, radial result.
SVM, and
k-NN

Pinto-de-S4& R et al.

Brave New World of Artificial Intelligence:

Its Use in Antimicrobial Stewardship. Ant



Kisisellestirilmis antibiyogramlar
ile makine ogrenmesine dayali
antibiyotik se¢imi

[ ] .
Bu gal I $mada V4 ARTICLE W) Check for updates

OPEN
Personalized antibiograms for machine learning

¥ Standart antibiyogramlarin driven antibiotic selection
O t esine ge g 1 l ere k ha S t a ya oz gu Conor K. Corbin® '™, Lillian Sung?, Arhana Chattopadhyay', Morteza Noshad', Amy Chang® 3,
ant lb l yo t l k du ya r1li111 @'l t ahml n l Stanley Deresinksi3, Michael Baiocchi' & Jonathan H. Chen

yvapilmis ve ampirik tedavi
seciminde optimizasyon
hedeflenmis

v Kisisellestirilmis
antibiyogramlar ile ampirik
tedavi, tahmine degil veriye
dayali hale getirilmis




Clinician Antibiotic Use 2019

he Ceftriaxone

e Stanf

Vanc/Pip-Tazo

Pip-Tazo
° 2 O Q 9 - Vanc/Ceftriaxone
a C 1 l Vanc/Cefepime
basvu Cefepime
8 3 4 2 Vanc
° v e r j_ Vanc/Meropenem
.. Meropenem
uce da

g o . Cefazolin

v Egi _ :
5 Ciprofloxacin

0 100 200 300 400
v Number of Prescriptions
VDOG e s e e P

(validation): 2018 -
1218 enfeksiyon s

vTest seti: 2019 - 1320
enfeksiyon

i

- & —

30316 8,342
P?f.emf.al Infections
pections

22040 6920

Petierts Patients

g t0 69,089 unique adult petents admitted from Stanford emergency rooms
Amissions had a microbial culture and intravenous or inframuscular empiric

ZIDAOUC OFOEY Y3CE0 WITHA T TST 241 OF e encoumer, ¢ Aamissions were exciuded if microbial cuftres had been ordered in the 2 weeks leading up
fo the encounter. d Admissions resulting in negative microbial cultures were excludd in the primery andlysi, fezving 8342 infections from 6920 unigue



e AUC: 0.61 - 0.73 araliginda

* Model performansi orta-iyi dizeyde

* Model makul duzeyde ayirt edicilik

gostermektedir

Table 3 Antibiotic susceptibility classifier performance.

Antibiotic selection

Best model class

Prevalence

Average precision

AUROC

Vancomycin

Ampicillin

Cefazolin

Ciprofloxacin

Ceftriaxone

Cefepime

Vancomycin + Ceftriaxone
Meropenem

Pip-Tazo

Vancomycin + Pip-Tazo
Vancomycin + Cefepime
Vancomycin + Meropenem

Gradient Boosted Tree
Gradient Boosted Tree
Gradient Boosted Tree
Random Forest
Gradient Boosted Tree
Random Forest
Gradient Boosted Tree
Gradient Boosted Tree
Random Forest
Random Forest
Random Forest
Gradient Boosted Tree

0.23
0.43
0.59
0.63
0.66
0.80
0.81

0.82
0.90
0.96
0.97
0.98

0.46 [0.40, 0.52]
0.54 [0.49, 0.58]
0.72 [0.68, 0.76]
0.73 [0.70, 0.76]
0.79 [0.77, 0.82]
0.87 [0.84, 0.89]
0.87 [0.84, 0.89]
0.90 [0.88, 0.92]
0.94 [0.92, 0.95]
0.98 [0.97, 0.99]
0.98 [0.98, 0.99]
0.99 [0.99, 0.99]

0.72 [0.68, 0.75]
0.62 [0.59, 0.65]
0.67 [0.64, 0.70]
0.61 [0.58, 0.64]
0.69 [0.66, 0.72]
0.65 [0.61, 0.69]
0.67 [0.63, 0.71]
0.69 [0.65, 0.72]
0.64 [0.59, 0.69]
0.70 [0.62, 0.77]
0.70 [0.62, 0.78]
0.73 [0.65, 0.81]

Pip-Tazo = piperacillin/tazobactam.
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https//doi.org/710.71038/s4385S6-022-000%94-8 OFEN

Personalized antibiograms for machine learning
driven antibiotic selection

Conor K. Corbin 182 Lillian Sung?, Arhana Chattopadhyay!, Morteza Noshad!, Amy Chansg
Stanley Deresinksi3, Michael Baiocchi! & Jonathanm H. Chen 1

3

Stanford Kohortunda;

* Kisisellestirilmis
antibiyogramlar
rehberliginde yapilan
antibiyotik secimi kapsam
orani %85, 9;

Vanc/Pip-Tazo - Pip-Tazo

88%

* Bu oran rastgele tedavi e z
seciminde $%$79,2 (p < F :
0 ’ 0001 ) S 82% Clinician Random t
, , é Performance Performance
* Klilnisyen performansi - : i
84,3 (p = 0,11) jl NS . 0
* Klinisyenlerin yaptigili genis 78%
spektrumlu vankomisin + 0% 20% 40% 60% 80%  100%

Percentage Swapped

piperasilin/tazobaktam
recetelerinin %69'unun,
kapsama oranindan odun
vermeden sadece
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Personalized antibiograms for machine learning
driven antibiotic selection

Conor K. Corbina» ', Lillian Sung?, Arhana Chattopadhyay!, Morteza Noshad!, Amy Changa 3,
Stanley Deresinksi®, Michael Baiocchi! & Jonathan H. Chena» !

a Clinician Antibiotic Use 2014-2016

* Boston Kohortu; —
e 2007-2016 Ciprofioxacin

* 13.862 kadin/ 15.806 Tom/Satamothoxazote

komplike olmayan uUriner
sistem enfeksivonu

Levolloxacin

ple} 1200 1400
s

Table 4 Boston Model Performances.

Antibiotic selection Best model class Prevalence Average precision AUROC

Trime/Sulf Gradient Boosted Tree 0.80 0.85 [0.84, 0.87] 0.60 [0.58, 0.62]
MNitrofurantoin Gradient Boosted Tree 0.89 0.91 [0.90, 0.92] 0.57 [0.54, 0.61]
Ciprofloxacin Lasso 0.94 0.95 [0.95, 0.96] 0.64 [0.60, 0.68]
Levofloxacin Lasso 0.94 0.96 [0.95, 0.96] 0.64 [0.60, 0.67]

Trime/Sull = trimethoprim/sulfamethoxazole,

AUC degerleri dusuk-orta duzeyde olup, yiuksek precision
degerleri

Model, iyl tahmin yapiyor ama ayirt ediciligi sinirli
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Coverage Rate

Personalized antibiograms for machine
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Nitrofurantoin - Trimethoprim/Sulfamethoxazole

20% 40% 60% 80%

* Kapsama oraninin altina diusmeden toplam siprofloksasin
recetelerinin %93’4nun nitrofurantoin ile
degistirilebilecegi

* Toplam siprofloksasin recetelerinin %48’1inin ve

N 1™ oo

nitrofurantoin recetelerinin %62’sinin

for updiates |

learning

100%

trimetoprim/stilfametoksazol ile deJistirilebilecedi ortava

konmustur

- O Ay



Kisiye o6zgu antibiyotik kesme
kararinda makine O6grenmesi ve
sentetik sonu¢ analizi;

* Bu calisma;
* Retrospektif
e 2008-2019 yaillari arasinda

ABD’de Boston’da bir
hastanede;

* Yogun bakimda yatisi sirasinda
1-21 gun sureyle intravenodz
antibiyotik tedavisi alan

* 40.000"den fazla hastaya ait
elektronik saglik kayitlarina
incelemis

." frontiers | Froatiers in Digital He

@I)nu\vm

OPEN ACCESS

M Litthe

Universty of Brmngnam. United Kngaos

Wt
21 Novemger 2022

10 5585 Mg 2072 997718

Machine learning and synthetic
outcome estimation for
individualised antimicrobial
cessation

William J. Bolton"""*, Timothy M, Rawson"’,
Bernard Hernandez"™, Richard Wilson'’, David Antcliffe




1.DATASET

' haziilama); “\

Veri gligli -
model
givenilirligi
artar

2. AUTOENCODER
(AI
6greniyor) ;
Karmasik
veriyi tek bir
6zet haline
getiriyor, AI
hastayi
sikistirip bir
profil
cikariyor.

3. SYNTHETIC
OUTCOME ;

iki senaryo
kuruyor: Devam
et, Kes

LOS

Mortalite

4. EVALUATION
(dogrulama) ;
Control;
Gercek sonucg
var, Model
dogrulugu test
edilir

Impact;
Alternatif
senaryo, Asil
1linik j

degerlendirme

3

SYNTHETIC
OUTCOME
ESTIMATION

Filter relevant patient stays from MIMIC-IV, extract and aggregate features Including lab test
results, clinical parameters, ventilation settings and demographics to create a regular
temporal dataset for estimation of their length of stay and mortality outcomes.
MIMIC-IV
>40,000 cu patlents

MORTALITY -/
a3 <

4
FEATURES LENGTH OF Ce

v
OUR DATASET
18,988 ICU patients 22,845 unique stays

STAY (LOS)
Train autoencoders to create an embedding that is representative of the patients' temporal
features and a linear predictor of their outcomes.
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Apply the adapted synthetic control methodology to estimate patient outcomes f they
were to stop vs continue treatment on each antibiotic day within their ICU stay.
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EVALUATION
AND

VALIDATION

Evaluate stop and continue estimations through ‘impact’ and ‘control’ days. Validate the
model through numerous tests and application to pneumonia and UTI datasets.
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FIGURE 1

Overview of the steps taken In this research study to develop a model for antimicrobial cessation synthetic outcome estimation.
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kesilmesinin,
siresini istatistiksel olarak
anlamli sekilde azalttiga

yogun bakimda kalis

gosterilmistir (ortalama 2.71 gun

azalma, p < 0.01)
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5 illustrative examples of four distinct
ibiotics, (C) the patient dies, (D) the
the stop impact estimations have a
between stop vs. continue.
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= Sonuc¢ olarak;

* Yogun bakim Unitesinde antibiyotik
tedavisinin kesilmesi veya sUrdurilmesi
durumlarinda hasta sonuclarini tahmin
edebilen yapay zeka destekli bir model
gelistirilmis

* Klinik karar destek sistemine entegre
edilmesi ile;
v  Kisisellestirilmis antibiyotik
sonlandirma kararlarini desteklenmesi

v Gereksiz antibiyotik kullanimini
azaltmasi

v/ Antimikrobiyal direncle miicadeleye
katki saglamasi o6n gorilmektedir
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A Real—world Evaluation of a Case—based Reasoning
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* Antimikrobiyal tedavi kararlarini desteklemek amaciyla Vaka Tabanli Karar

Destek Sistemlerinin (CBR = Case-Based Reasoning) gerg¢ek yasam verileriyle
degerlendirilmesi;

* Gelistirilen kurum ici CBR algoritmasi bir KKDS’e entegre edilmis

e Temmuz 2017 — Subat 2019 tarihleri arasinda Ingilterede 3 hastanede,
hibrid tasarim

* KKDS'1n 0Ozellikle ampirik tedavi asamasindaki gergek klinik kullanimini
taklit edecek sekilde planlanmis
* Calismaya dahil edilen hekimler:
v  Enfeksiyon hastaliklari uzmanlari
v  Calisma siiresince nobet listesinde aktif gdrev yapan

* Toplam 224 hasta;

v 145 E. coli bakteriyemisi olan hastasi
M
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* Calismanin Sonucu;

* Vaka tabanli KD sisteminin, hekim recetelerine
kiyasla daha dar spektrumlu antibiyotikleri
onerdigi; (p < 0.01)

vV'CBR: 110/224 (%49)
v 'Hekim: 79/224 (%35)

* Algoritmanin antibiyotik Onerilerinin %90 ve hekim
recetelerinin i1se %83 oraninda uygun oldugu
bildirilmistir

* KKDS’ 1n;

»Antibiyotik Onerilerinin uygunluk dizeyinin hekimlerle
benzer oldugu,

»Anlamli derecede daha dar spektrumlu tedavi o6nerdigi

o

gosterilmistir



“I ChatGPT-4 ve Buyuk Dil Modelleri
i1le Karar Destek Sistemleri

" Cochin Universite Hastanesinde yurutiulen
prospektif gdzlemsel bir calismada:

* Kan kulturunde ureme saptanan 44 hasta, 0. ve 3.
gunlerde bir enfeksiyon hastaliklari uzmani ve
ChatGPT-4 tarafindan bagimsiz olarak
degerlendirilmis;

@ ChatGPT-4’{in Onerileri:
v'1l (%2) hastada uygun ve optimal

v'17 (%39) hastada uygun ancak optimal degil
v'7 (%16) hastada zararl:i

v'17 (%39) hastada enfeksiyon hastaliklari uzmanina
danisilmasi gerektiginil oOnermis

Abavisani M et al.Chatting with artificial intelligence to combat antibiotic resistance: opportunities and chall



ChatGPT-4 ve Buyuk Dil
“l Modelleri i1le Karar Destek
Sistemleri1i

" ChatGPT-4"Un:
* Klinik uygulamada dogrudan karar verici olarak
degil
* Tibbi asistan olarak
* Ozellikle ©6n vyanit (draft) olusturma amaciyla

* Klinik kullanim Oncesinde daha fazla
gelistirilmesi ve titizlikle test edilmesi
gerektigili vurgulanmis

Abavisani M et al.Chatting with artificial intelligence to combat antibiotic resistanc

and challenges. Curr Res Biotechnol. 2024

e: opportunities



III ChatGPT’'nin Klinik Karar
Sureclerindeki Riskleri

* Hollanda’daki iUclinciu basamak bir hastanede
olusturulan 40 klinik enfeksiyon senaryosuna yodonelik
ChatGPT tarafindan uUretilen tani ve tedavi
onerileri;

* Enfeksiyon Hastaliklari uzman gdrusleri 1le
karsilastirildl
* Degerlendirme: 1 (kotu) - 5 (mukemmel)
v'Genel ortalama: 2,8
vPozitif kan kiultiurt yorumlari: 3,3
vKarmasik enfeksiyonlar: — 1,3
(osteomiyelit, protez eklem)

Sarink MJ, et al. A study on the performance of ChatGPT in infectious diseases clinica

consultation. Clin Microbiol Infect. 2023



ChatGPT’'nin Klinik Karar
Sureclerindeki Riskleri

‘*Saptanan Sorunlar;

Klinik veriyl yeterince kullanmama
Gereksiz ek tetkik Onerileri
Onceki gortuntilemeleri gdz ardi etme

Gercek olmayan kaynaklara atitf

ChatGPT, basit klinik durumlarda orta duzey performans
gosterirken, karmasik enfeksiyonlarda belirgin sekilde

yetersiz

Sarink MJ, et al. A study on the performance

consultation. Clin Microbiol Infect. 2023

of ChatGPT in

infec

tious

diseases clinica



Yapay Zeka Uygulamalarinda
III Sinirlayici Faktorler

* Yapay zekd sistemleri klinik karari destekler; ancak
veri kalitesi, etik ve klinik baglam sinirliliklarz
nedeniyle tek basina karar verici olarak
kullanilmamalidair

* Algoritmalarin egitildigi veri setlerinin heterojenligi
ve verl kalitesi, bu sistemlerin dogrulugunu ve
genellenebilirligini dogrudan etkillemektedir

* Fksik, hatali veya standardize edilmemis elektronik
saglik kayitlari, guvenilirligl olumsuz yodnde
etkilleyebilmektedir

* Farkli saglik sistemlerinde ayni modeliln benzer
performans gdostermemesi

* Etik ve yasal boyut da gdz ardi edilemez;

Hasta mahremiyetl, verl guveniigil-yve=glgordt

tellige



Uluslararasi Klinik Karar Destek Sistemlerinin
Yerel Saglik Sistemlerine Entegrasyonunda
Karsilasilan Sinirlailiklar

* Teorik olarak;
» Klinik karar mantidi evrensel
» Al algoritmalari tasinabilir
» Yazilim kurulabilir

* Pratikte neden direkt calismaz;
» En kritik sorun bdlgesel diren¢ patern farkliliklara
» Ayni algoritma — yanlis antibiyotik Onerebilir

* Tuirkiye verisiyle yeniden egitilmeli

* Klinik wvalidasyon yapilmali

* Hekim kontrolinde kullanilmali

* Sonuc¢ olarak;
v Yapay zekd sistemleri global olarak gelistirilebilir

v  Ancak klinik karar destek sistemlerinin etkinlidi yerel veri ve direnc

W



Turkiye’ de Mevcut Durum

* Klinik karar destek sistemleri;
* Cogunlukla hastane bilgl sistemlerine entegre temel
uyari mekanizmalari seklinde kullanilmakta
* Yapay zeka temelli klinik karar destek sistemi kullanan
hastaneler var;
»Kullanim heniiz yaygin ve standardize degdil

»CoJu pilot, bdlum bazli veya belirli alanlarla
(0zellikle radyoloji) sinirli

* Antibiyotik sec¢cimi i1¢in rutin AI-CDSS kullanan hastane
yok (7?)




“l Sonu¢ Olarak

* Yapay zekd, antimikrobilyal yonetisim sureclerini
donusturme potansiyellne sahip kritik bir aractir

* Yapay zekd, klinik karar verme surecinde klinisyenin
yerinl almaz; onu tamamlayan ve guclendiren bir
eslikcidir
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