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Icerik

* Postoperatif enfeksiyonlara erken mudahalenin
onemi

* Yapay zeka destekli risk ve erken tani
modelleri

*Klinikte yayinlanmis yapay zeka calismalarz

* Gelecekte nasil olmalz



Postoperatif enfeksiyonlar
* Morbidite, mortalite, yatig gun savisi. malivef

* Tanida gecikme




* Post op 2. gun; Ates yok,fCrp hafif
* Post op 5. gun sepsis, yb 1htivyaca




CAE tanisi kondugunda zaten ge¢ kalmis oluyoruz!

Daha erken miudahale mumkin miu & bize ne kazandirir?



Klasik yontemler neden yetersiz?

Klinik belirti & bulgular
CRP&PCT
Kulturler

Mevcut skorlar



Yapay zeka bize ne vaat
ediyor?

Cok degiskenli verilerden erken risk sinyali!

Vital bulgular
Lab dinamikleri
CAE risk skorlama adimlari (sure, ASA, yara sinifi)

Elektronik saglik kayitlara

Bu verileri ayni anda, hizli ve dogru bir
sekilde yorumlamak. Dinamik degisimleri
acirmak




Klasik
Machine
Learning

(Klasik
makine
ogrenimi)

Deep Learning
(Derin
Ogrenme)

<

Yapay Zeka
Modelleri

/'

N

e Kllnisyenin dusunme bicimini taklit
eder, anlasilir, seffaf, kucuk veri 1ile
calisir.

e Klinisyenin henuz bilmedigi, fark
etmedigili oruntuleri yakalamaya calisir,
daha karmasik, daha buyuk yapiyi
kullanan vyapilardir. Erken sinyalde
daha guclu veri saglar.




Klasik makine Ogrenimi (Classical Machine
Learning)

* Klinik uzman onemlil degiskenili secer.

* Model bu secilen veriliye gore riskil hesaplar.

* Daha anlasilir, seffaf bir vapi.

Ornedin; Ates, CRP artisi, uzun operasyon suresi, temiz-
kontamine cerrahi,

re-operasyon; CAE riski cok yuksek !l




ML Destekli Surveyans
Programi

Amacg

* Enfeksiyonlari izlemek

* Trendleri izlemek

* Riskll hastalari isaretlemek

Kime Hizmet Eder

* Enfeksiyon Kontrol Ekipleri
* Kalite birimi

* Hastane yonetimi

Odak
* Populasyon

ESK tanir, coklu veriyi analiz
eder, erken tani uyarisini sapyar,

Tani koymaz, tedavi onermez.

Klinik Karar Destek Sistemi

Amacg

* Klinik olarak karar vermeyi
desteklemek

Kime Hizmet Eder
* Hekim

* Hemsire

Odak
* Tek hasta, medikal durum

Tani koyar, tedavi onerir, doz
ayarlamasi yapar, risk skorunu
gosterir.

Dogrudan bakim kararina temas



Deep Learning

* Daha cok zaman
kitliginda, verinin ham
oldugu durumlarda
basvurulur.

.
3
3.
3
.
.
.

* Yuksek boyutlu ham
verilerden otomatik
o0zellik cikarimi
yvapabilir.

* Eirken risk sinyali
bulma konusunda daha
basarili.




Deep Learning

Literatiurde;

Multilayer Perceptron (MLP)
Deep Neutral Network (DNN)

Convolutional Neutral
Network (CNN)

Long Short-term memory
(LSTM)

Random forest

Loglstic regresyon
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Klasik ML - Deep Learning
Model Ornekleri

Modelin basarisi

*AUC: Area Under The Curve, Sensitivity-Specificity arasindakil
denge

' Tek merkezli calismalar, external validasyonu olmayan
calismalarin temsiliyeti dusuk

! Bazi1i model uygulamalari kara kutu gibi

' Klinik 1sleyisi aksatmamali

Klinisyene kac gun kazandirdi?
Hastaya neler kazandirdi?



Sepsis and Bacteremia Detectlon Usmg Al/ ML‘

Adult febrile patients who visited the ED at CMI
2017, and December 31, 2020 and had blood cultu
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Abstract Division of Trauma & Surgical Critical Care, DeWitt Daug
Background This study aimed to apply the backpro Center. University of Miami Miller School of Medicine, Mic
ing multidrug-resistant arganism (MDRO) infection in

Methods This study collected patient informationac ARTICLE INFO ABITRS
of Qingdao University from August 2021 to January 2 ,ae history PETESRn
set (8096} and a test set (2096). The least absolute shrit geceived & August 2025 infection (S!
were used 1o determine the independent risk factors Received in revised form pothesized t
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Clinically explainable machine learning models for
early identification of patients at risk of hospital-
acquired urinary tract infection

R.S. Jakobsen * ", T.D. Nielsen “, P. Leutscher ¢, K. Koch™*
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SUMMARY

Article history:

Received 21 February 2023
Accepted 22 March 2023
Available online 31 March 2023

Keywords:

Clinical explainability

Feature selection
Hospital-acquired urinary tract
infection

Machine learning

Risk prediction

=

Background: Machine leaming (ML) models for early identification of patients at risk
hospital-acquired urinary tract infection (HA-UTI) may enable timely and targeted p
ventive and therapeutic strategies. However, clinicians are often challenged in t
interpretation of the predictive outcomes provided by the ML modets, which often rea
different performances.
Aim: To train ML models for predicting patients at risk of HA-UT1 using available data fre
electronic health records at the time of hospital admission. This study focused on t
performance of different ML models and clinical explainability.
Methods: This retrospective study investigated patient data representing 138,560 hospi
admissions in the North Denmark Region from 1** January 2017 to 31" December 20
Fifty-one health sociodemographic and clinical features were extracted as the full da!
set, and 7° test and expert knowledge were used for feature selection, resulting in t
reduced datasets. Seven different ML models were trained and compared between t
three datasets. The SHapley Additive exPlanation (SHAP) method was used to supps
population- and patient-level explainability.
Findings: The best-performing ML model was the neural network model based on the f
dataset, with an area under the curve (AUC) of 0.758. The neural network model was a
the best-performing ML model based on the reduced datasets, with an AUC of 0.7
Clinical explainability was demonstrated with a SHAP summary and forceplot.
Conclusion: Within 24 h of hospital admission, the ML models were able to identify paties
at risk of developing HA-UTI, providing new opportunities to develop efficient strategies |
the prevention of HA-UTI. SHAP was used to demonstrate how risk predictions can
explained at individual patient level and for the patient population in general.

© 2023 Published by Elsevier Ltd on behalf of The Healthcare Infection Socie
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A comparison of deep learning performance against % @
health-care professionals in detecting diseases from medical
imaging: a systematic review and meta-analysis

Xiaoxuan Liu”, Livia Faes”, Aditya U Kale, Siegfried K Wagner, Dun jack Fu, Alice Bruynseels, Thushika Mahendiran, Gobriefla Moraes, m
Mohith Shamdas, Chnistoph Kern, Joseph R Ledsam, Martin K Schmid, Konstantines Balaskas, Eric  Topol, Lucas M Bachmann, Pearse A Keane,

Alastair K Denniston

Summary
Background Deep learning offers considerable promise for medical diagnostics. We aimed to evaluate the diagnostic  Lancet Digital Health 2013;

accuracy of deep learning algorithms versus health-care professionals in classifying diseases using medical *¢271-97
. - W

Lancet Digital Health;

2012-2019 yillarinda yayinlanmis, 82 calisma-147 hasta kohortu
(25 calisma external validasyon)

DL ile Sensitivity, Specificity (87- 92.5%)
Manuel Surveyans (86%- 90%)

Derin O6grenme, goruntid temelli tanida insan kadar 1yi olabilir;
ancak klinik uygulama icin henuz yeterince saglam kanit yok.

Trust, London, UK (X Liv,
L Faes MD, D} Fu PhD,
G Maraes MD, C Kern MD,

Copyright © 2019 The Author(s). Published by Elsevier Lid. This is an Open Access article under the CC BY 4.0 license. patskas MD); Eye Clinic,

S SEEY | VR N (Y Y,

Funding None.




Infection Control & Hospital Epidemiclogy (2024), 45, 604-608 o
doi:10.1017/ice.2023.224 SHEA
Original Article

Hospital-acquired infections surveillance: The machine-learning
algorithm mirrors National Healthcare Safety Network definitions

Stephani Amanda Lukasewicz Ferreira RN, MSc! @3, Arateus Crysham Franco Meneses BSc?,

NHSN’ nin ayni tani kriterleri kullanilarak
ML ile desteklenmis Yari-Otomatik Sirveyans — Manuel Sirveyans
sonuclari
6296 hasta kaydi, 447 degisken (yas, cinsiyet, ates, ates gun
sayisi, 1lokosit, crp, klt vb)

Manuel Siirveyans : 2.9% (183 SBIE, Ozellikle VIP inf. kaciyor)

ML Destekli Yari-otomatik Siirveyans: 4.7% (299 SBiE)

were related to patlent severity status, 51 features (11 4%) were related to bacterlal laboratory results 40 features (8 9%) were related to invasive

procedures; 34 (7.6%) were related to antibio

229 (51.2%) were similar to those proposed |

Conclusion: The ML algorithm, which include
Well-documented algorithm performances n
the drawbacks of traditional HAI surveillanc

ML ile daha tutarli, daha az is guci

(Received 21 March 2023; accepted 16 Septem ; electronically publisned anuary 2029)




Dosya incelemek zaman aliczi,
: el ko] 2 |
degil, kaliteyi artirma, 1is
gucu kontrolu).

Minesota
ESK - CAE sureyansi yapan ML
destekli bir model
gelistirilmis.

Baska bir kurumda, farkli bir
ESK ile denenmis (external

validation)

Her iki kurumun; SSI AUC 0.80

=—0790

yduiosnuey Joyiny 1duosnuepy Joyiny

duosnuepy Joyiny
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HHS Public Access

Author manuscript
J Am Coll Surz. Avthor manuscnpt; avatlable in PMC 2022 June 01.

Published m finzl edited form as:
JAm Coll Surg. 2021 June ; 232(6): 963-971 el. do1:10.1016/; jamcollsurg.2021.03.026.

Applying Machine Learning Across Sites: External Validation of
a Surgical Site Infection Detection Algorithm

Ying Zhu, PhD, Gyorgy J Simon, PhD, Elizabeth C Wick, MD, FACS, Yumiko Abe-Jones, MS,

Nader Najafi, MD. Adam Sheka, MD, Roshan Tourani, PhD, Steven J Skube, MD, Zhen Hu,
PhD, Genevieve B Melton, MD, FACS, PhD
Institute for Health Informatics (Zhu, Simon, Tourani, Hu, Melton) and the Departments of

Medicine (Simon) and Surgery (Wick), University of Minnesota, Twin Cities; Minneapolis, MN; and
the Departments of Surgery (Abe-Jones, Najafi) and Medicine (Sheka, Skube, Melton), University

of California San Francisco, San Francisco, CA

Abstract

Dogru tasarlanirsa sistem baska

merkezde de c¢alisabilir!

NSQIY 551 detecthion of superficial, organ space, and total 551 within 35U cays postoperatively
were validated using area under the curve (AUC) scores and correspondmg 95% confidence
ntervals.

RESULTS: For the 8.883 patients (Site A) and 1.473 patients (Site B), AUC scores were not
statistically different for any outcome including superficial (external 0.804. imnternal [0.784. 0.874]
AUC):; organ/space (external 0.903, intemal [0.867, 0.941] AUC); and total (external 0.853.
internal [0.854, 0.908] AUC) SSI. False negative rates decreased with mmcreasing case review
volume and would be amenable to a strategy 1n which cases with low predicted probabihines of
SSI could be excluded from chart review.
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Pre-op BT goruntusunu
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DL ile SSI tahmini (AUC: 0.90)

Operasyonun zorlugu (AUC:
0.57)
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Development of Multicenter Deep
Learning Models for Predicting
Surgical Complexity and Surgical Site
Infection in Abdominal Wall
Reconstruction, a Pilot Study

William R. Lorenz’, Alexis M. Holland’, Benjamin A. Sarac®, Samantha W. Kerr',
Hadley H. Wilson, Sullivan A. Ayuso ', Keith Murphy*, Gregory T. Scarola’, Brittany S. Mead”,
B. Todd Heniford and Jeffrey E. Janis®*

'Division of Gastrontestinal and Minimally invasive Surgary, Department of Swgery, Carolnas Medical Center, Chariotta, NC,
Linted States, “Department of Plastic and Reconstructive Surgery, Ohio State University Wexner Medical Centar, Columbus, OH,
Unitad States, “Department of Computer Sciance, Unwersiy af North Carolina at Chariotte, Charlotre, NC. United States

Objective: Hernia recurrence and surgical site infection (SSI) are grave complications in
Abdominal Wall Reconstruction (AWR). This study aimed to develop multicenter deep
learmning modeis (DLMSs) developed for predicting surgical compiexity, using Component
Separation Technique (CST) as a surrogate, and the risk of surgical site infections (SSI) in
AWR, using preoperative computed tomography (CT) images.

Methods: Multicenter models were created using deidentified CT images from two tertiary
AWR centers. The models were developed with ResNet-18 architecture. Model
performance was reported as accuracy and AUC.

Results: The CST model underperformed with an AUC of 0.569, while the SSI model
exhibited strong performance with an AUC of 0.898.

Conclusion: The study demonstrated the successful development of a multicenter DLM
for SSI prediction in AWR, highlighting the impact of patient factors over surgical practice
variability in predicting SSls with DLMs. The CST model's prediction remained challenging,
which we hypothesize reflects the subjective nature of surgical decisions and varying
institutional practices. Our findings underscore the potential of Al-enhanced surgical risk
calculators to risk stratify patients and potentially improve patient outcomes.

Keywords: artificlal intelligence, ventral hemia repair, quality impr t, predicth del P nt
paration, deep | ing model




Multimodel ML destekli prtogram,

npj | digital medicine Article

Pubished in padnéerstip with Ssoul Natonal University Bundang Hosplal| E 3

https//dol.org/10. 1038/ 941746-024-01418-8

Amag¢: Hedef erken tanisi degil, klinigin
1s akisini bozmadan taniya erken
odaklanmak, 1s gucu kaybini Onlemek.

Post-op 30. giunde, 423 hasta’dan,
1500 bildirim (Kizariklik, agri , ates,
akinti ?)

2600 yara fotografai

Klinik semptom ve yara goruntuleri
birlikte modellenerek erken uyari
gelistirildi.

AUC 0.76-0.83
Personelin tani icin ayirdigi sureyi 80%
azaltiyor.

(51 saatten - 9 saate)

Tani suresi (time-to diagnosis)ne kadar

kisalmisg?

Multimodal machine leaming to predict
surgical site infection with healthcare
workload impact assessment

| M| Chack for updates

Kenneth A. McLean ®'# 77, Alessandro Sgro ©7 Leo R. Brown®', Louis F. Buijs®, Katie E. Mountain’,
Catherine A. Shaw", Thomas M. Drake ", Riinu Pius", Stephen R. Knight'*, Cameron J. Fairfield",
Richard J. E Skipworth', Sotirios A. Tsaftaris®, Stephen J. Wigmore', Mark A. Potter ©°,
Matt-Mouley Bouamrane®, Ewen M. Harrison ® ™[~ & TWIST Collaborators*

Remote monitoring is essential for healthcare digital transformation, however, this poses greater
burdens on heafthcare providers to review and respond as the data collected expands. This study
developed a multimodal neural network to automate assessments of patient-generated data from
remote postoperative wound monitoring. Two interventional studies including adult gastrointestinal
surgery patients collected wound images and patient-reported outcome measures (PROMs) for 30-
days postoperatively. Neural networks for PROMs andimages were combined to predict surgical site
infection (SSI) diagnosis within 48 h. The multimodal neural network model to predict confirmed SSI
within 48 hremained comparable to clinician triage (0.762 [0.690-0.835] vs 0.777 [0.721-0.832]), with
an excellent perfomance on external validation. Simulated usage indicated an 80% reduction in staff
time (51.5 to 9.1 h) without compromising diagnostic accuracy. This multimodal approach can
effectively support remote monitoring, alleviating provider burden while ensuring high-quality
postoperative care.

There has been growing recognition In recent years from govemments However, there is widespread acknowladgement that the potential of
and bealthcare organisations that digital transformation is not just  DHIs has yet to be realised within healthcare systems”. As the amount and
dedrable, but essential to the delivery of healthcare in the future™. These  complexity of dats collected on patients expand & part of remote mon-
represent potentially large -scale and cost-effective methods to promote  itoring, this poses even greater burdens on health services 10 review and

healthier lifestylesacross populations, and to monitor and manage health  respond”’. Without ap propriste staff allocated and/or decision assistance, it
conditions™*", with emerging 1 . into
effectively and equitably im pler A l S S l gn a 4 y 1o
digital health interventions (D . . fays.
accessibility and efficiency ofhed d 1 n Tl »dal
is accelerating interest in DHIE e t e C t O / t a ge / s,
This is viewed a5 a route to fad ical

response to suboptimal patie S C re e n j_ ng va r V4 dj_ agno S j_ S Flas-

complications, both of which a tiple
bidity and mortality”. Such intery itify
trend towands earlier discharge VO ]( rical
would otherwise have occurred under the directcare of surgical teams will recomnfendations on a large scale, without significantly burdening
healthcare staff However, there is currently no evidence of the use of these

now occur at home’,
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Semi-automated surveillance of surgical
site infections using machine learning and
rule-based classification models

Américo Agostinho', Eienne Chalot', Daniel Teixeira®, Davidg
Stephan Harbarth™ & Mohamed Abbas™

surveillance, but traditional methods are labour-intensive.

rule-basad models for the semi-automated detection of dee
prospective cohort of 38331 sungical patients. We assessed
(proportion of patients not reguiring manual review) at a 0.5
under the receiver operating charactenstic curve (AURDC)
(ALIPRC). The best-perfoming ML models (Maive Bayes an
sensitivityupto0.90, AUROC up to0. 968, AUPRCupto0.24
rule-based modal showed higher sensitivity (1.000) but lowy|
reduction. Our findings suggest that semi-automated appro
33l surveillance while reducing manual workload. Further v

sungical site infections (S31s), among the most frequent NT]

‘nu takip edebilir miyiz?

Prospektif kohort
2016- 2022 / 3931 cerrahi hasta,

30-90 gun 1inceleme
CAE; 4.5%

Frakli ML turlerini duyarliligini 1ncelemis,
AUC 0.85- 1.00 aras1

Is giicii kaybini 90% onliiyor.

ML 1le desteklenmis yari otomatik suUrveyans 1le CAE

hepsi




Algoritmalarin performansi ne duzeyde?
Hangi wveri tiru daha iyl sonug¢ veriyor?
*Yapilandirilmis veri (lab, ICD vb.)
*Metin/verbal veri (klinik notlar)

*Tkisi birlikte

Hangl yontemler daha gucli?
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Performance of machine learning algorithms for surgical site infection case
detection and prediction: A systematic review and meta-analysis
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108 algoritma
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60760 CAE
ABSTRACT
Hiz 3.675%,

Background: Medical resea

algorithms to detect/predi
Machine learning mance of ML algorithms i
Algotithins systematic review and met

Systematic review

Sysiemati & srediction and 1o descry] @A €CE yapllandirilmis verl (lab, klinik
era-analysis

algorithms.

Sensitivity: 0.83, Spesifity: 0.95, AUC

Makine ogrenmesi modellerinin ortalama
performansi:

~ 0.92%

*Kacirma orani orta diuzey
*Yanlis alarm diusuk
*Genel ayirt edicilik gug¢lu

voede Mepine evead VEX1 VD) kullanilirsa sensitivite: 0.56,
ML, Deep learning’den daha basarili, calismalarin codu Klinik notlar ve serbest notlarin

tek merkezli, external validasyon yok,

lenmesi sensitivite vi 90% e cgikarayor

followed.



Klinik uygulamaya entegrasyon
asamasinda'

* YOnetimin destegini al, ESK’'nin yeterliligini, BT’nin
kapasitesini dederlendir.

* Hangi CAE turunu, hangil kriterler 1le taklp edeceksin
karar ver.

* Hangi veriler bu algoritmaya dahil edilecek?
* Alarm hangl durumda calisacak?
* Bildirim kime dusecek?

* Hangli klinik adimi tetikleyecek, hangil aksiyonlar
alinacak?

Ornedin; Post-Op 2. gunde, 78% risk,
°Klinik degerlendirme, goruntulme, hedefli kultur,



Belirsizlikler:
* Ne zaman gecilmeli?

* Gelistirmell mi, satin mi alinmali?

Riskler:

* Tek merkezll calismalarda verinin guvenirligi,
* External validasyon eksikligi,

* Yanlis pozitiflik riski,

* Alarm yorgunlugu.



Etik ve Guven

* Seffaflik=tara kutu)

e Klinik sorumluluk kimde

* Yapay zaka bilir destek aracidir, karar vericli her zaman
klinisyen olmalidir.



Gelecekte!

* Multimodal verilerin vaygin kullanimi (Lab verileri &
goruntuleme& hekim notlarinin entegrasyonu)

* Gercek zamanli HIS entegrasyonu,

* Aksiyonlarin AMY 1le entegre olmasi, ortak calismasi



Ozetle;
» Post-operatif vakalarda erken tani sinyali kritik.

» Klinik uygulama ve yapay zeka igbirligi klinisyenlere zaman kazandirir,

» Hastalara erken odaklanmayi artirir,

» Uygulamanin gelismesi ve yayginlagsmasi ile birlikte yanlis pozitiflik azalir.

I Basarinin anahtari, BT &KIlinik&Yonetim isbirligi, bu ise kendini adanmis

calisanlar, kullanimin yayginlasmasi ve uygulamanin surdurulebilir olmasidir.



sonu¢ olarak;

Yapay zeka temelli araclar CAE’larinin erken fark
edilmesinde destek saglayarak saglik personeline zaman
kazandirabilir, bu nedenle teknolojiden kopmadan hasta
takibinil surdirebilmek adina bu platformlarin kontrollua

sekilde denenmesi ve benimsenmesi Onemlidir.



