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CaxeTtak

Linrs oBe cTyaumje je Aa ce npoueHn edprKacHOCT Mofera BelUTayke NHTe-
nureHumje (BW) y npeasrhany ncxopa Telwkux baktepujcknx MHdekumja
KO, nauujeHaTa Ha oferbewmma nHTeH3nBHe Here (OUH). MmaBHu do-
KyC je Ha nopehewy npeasuhara 3acHoBaHux Ha BU ca TpagunumoHan-
HUM cucTemmuma ckopuHra, ykrbydyjyhm APACHE Il u SOFA, y norneay
MopTanuTeTa, AyxuHe xocnutanusauuje (LOS) n Tepanujckor ogroBopa.
CnpoBefeHa je peTpoCneKTMBHA KOXOPTHA aHanusa Ha OCHOBY Moaa-
Taka naumjeHata ca OVIH npumreeHux y nepuogy of jaHyapa 2020. go
neuembpa 2024. roavHe. NMpegobpaga nogataka ykrbyyvBana je obpa-
oy HepocTajyhux BpegHoctn metogom MICE, koampare KaTeropuykmx
Bapujabnu n HopManu3auujy KOHTUHyMpaHux Bapwujabnu. PasBujeHa cy
YeTMpy Mofena malumHckor yyewa: XGBoost, Random Forest, ny6oke
HeypoHcke mpexe (DNN) n noructuyka perpecwuja. NepdopmaHce mo-
nena npouermBaHe cy nomohy AUROC 3a npenpuhake mopTanuTeTa,
MAE 3a npepsuhate pyxvHe 6opaska n F1-ckopa 3a npoueHy Tepa-
nujckor ogroeopa. XGBoost je nokasao Hajsehy Ta4HOCT y npeasuharby
mopTanuteta, ca AUROC BpegHowhy og 0,93, a 3atum cnege Random
Forest (0,91) n DNN (0,89). Jloructnyka perpecuja je umana Hajcnabuje
nepcopmance (AUROC 0,82). CtapocT naunjeHata, SOFA ckop 1 HUBO
nakTarta MaeHTUdMKOBaHM Cy Kao Haj3HayajHuju npeaunkTopu. Y npeasu-
hamy ayxuHe 6opaska, XGBoost n Random Forest nOHOBO Cy nokasanu
borbe pesyntate of octanux mogena, ca MAE BpegHocTtvma og 3,2 u
3,4 paHa. Kapa je y nutawy Tepanumjckm ogrosop, XGBoost je ocTBapno
Hajsuwm F1-ckop oa 0,81. BU mogenu cy gocrnegHo HagMmaluvsanu Tpa-
AVUMOHanHe cucteme ckopuHra. Mogenu BeluTayke nHTenureHuuje, no-
cebHo XGBoost, 3Ha4yajHo noborbliaBajy Ta4yHOCT npeaguhawa mopTa-
nvTeTa, AyXVHe XocnuTanusauuvje n Tepanujckor ogrosopa y nopehemy
ca KOHBEHLMOHaNHNMM metoaama. ViHTerpaumja oBMx Mogena y KmnmHUYKy
npakcy OVH moxe yHanpeautn JOHOLLUEH-e OAflyka W ynpaBrbake na-
LuunjeHTuma, omoryhasajyhv nepcoHann3oBaHuje u NpaBoBpeMeEHe NHTep-
BeHUuje. MNpenopyyyjemo goaaTtHy Banuaauujy y pasnmunutumM KIMHUYKUM
OKpYXXEeHUMa.

Krby4yHe peum: BeluTayka WHTeNWreHumja, oaerbemwa MH-
TEH3VBHE Here, MaLLMHCKO y4YeHe, 6akTepujcke nHdekumja

YBop

Telwke GakTepujcke MHeKLMje ocTajy Bogehm y3pok Mopou-
avTteTa n moptanuteta mefy naunjeHTuma Ha ogerbemwnva
MHTEeH3nBHe Here (OVH) wnpom ceeTa. YNpKOC HanpeTky y
aHTUMUKPOOHMM Tepanujama u CynopTUBHO]j He3W, NpeaBu-

Abstract

This study aims to evaluate the performance of artificial intelligence (Al)
models in predicting outcomes of severe bacterial infections among
intensive care unit (ICU) patients. The primary focus is to compare Al-
based predictions with traditional scoring systems, including APACHE
Il and SOFA, in terms of mortality, length of stay (LOS), and therapeu-
tic response. A retrospective cohort analysis was conducted using data
from ICU patients admitted between January 2020 and December 2024.
Data preprocessing involved handling missing values using the MICE
method, encoding categorical variables, and normalizing continuous
variables. Four machine learning models were developed: XGBoost,
Random Forest, Deep Neural Networks (DNN), and Logistic Regression.
Model performance was evaluated using AUROC for mortality prediction,
MAE for LOS prediction, and F1-score for therapeutic response predic-
tion. XGBoost demonstrated the highest accuracy in predicting mortality,
with an AUROC of 0.93, followed by Random Forest (0.91) and DNN
(0.89). Logistic Regression showed the lowest performance (AUROC
0.82). Age, SOFA score, and lactate level were identified as the most
significant predictors. In predicting LOS, XGBoost and Random Forest
again outperformed other models, with MAE values of 3.2 and 3.4 days,
respectively. For therapeutic response, XGBoost achieved the highest
F1-score of 0.81. Al models consistently outperformed traditional scoring
systems. Al models, particularly XGBoost, significantly improve the accu-
racy of predicting mortality, LOS, and therapeutic response compared to
conventional methods. Integrating these models into ICU practice could
enhance clinical decision-making and patient management, promoting
more personalized and timely interventions. Further validation in diverse
clinical settings is recommended.

Keywords: artificial intelligence, intensive care units, ma-
chine learning, bacterial infections, prognosis

Introduction

Severe bacterial infections remain a leading cause of
morbidity and mortality among patients in intensive care
units (ICUs) worldwide. Despite advancements in antimi-
crobial therapies and supportive care, predicting outcomes
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RHakbe ncxoga kao WTO Cy MOpTanuTeT, AyXMHa Gopaska y
BonHMLM 1 0AroBOp Ha nevere OCTaje M3a3oBHO 360r cro-
YKEHOCTU 1 BapunjabunHOCTN KNMHMYKUX npeseHTaumja [1]. Y
TOM KOHTEKCTY, BellTadka nHtenureHumja (BU) ce nojasnna
kao obehaBajyhn anat 3a nobosbluake KIMHUYKOT LOHO-
LeHa oArnyKka Kpo3 aHanuay BENMKUX U CIOXEHUX CKynoBsa
nogaraka [2].

HenaBHe cTyauje cy nokasane nmoTeHuwujan BeluTauke WH-
TenureHuuje y paHoM OTKpMBaky M MpOrHo3vpaky cence,
TELLUKOr M MO >XMBOT OMAacHOr OAroBopa Ha uHdekuujy. Ha
npuMep, MOAEN MaLUMHCKOT y4Yera Koju cy passunu ao u
Op. NOCTUrao je NMOBPLUMHY UCMOA KPUBE OMepaTMBHUX Ka-
pakTepuctuka npujemnHmka (AUROC) og 0,94 y npegsuha-
by MOpTanuTeTa of cence, Hagmalyjyhu TpaguumoHanHe
cucteme 6opoBanba. OBaj Mofen je KOpuUCTUO CMak-EHU
CKyn KapakTepucTuka, noborbwasajyhu uHTepnperabun-
HOCT U KIUHWYKY NPUMEHIBUBOCT [1].

LWTaBuwe, mogenu BeluTavke MHTENUreHuuje cy kopuwhe-
HX 3a npegsuhake NPUKNAgHOCTM EeMMUMPUJCKOr neveHa
aHTMOMoTMUMMa KOA naumjeHaTa Ha WUHTEH3MBHO] He3n ca
OonHMYkMM MHekunjama. MonawmMiT 1 gp. Ccy pasBum
MOZ€eN MaLUWHCKOr yyera Koju je npeaBuaeo Henpuknag-
HO eMnupujcko neverse aHTMbrotTmuuma ca AUROC-om og
0,773, omoryhasajyhu paHujy nHTepBeHUujy U noTeHuujan-
HO nobosbluake ncxoga nauujeHara [2].

WHTerpauuja BewwTayke MHTENUreHUMje y KIMHUYKE TOKOBE
pafa Hyau noTeHumjan 3a pesonyuujy y nevewy nauujeHa-
Ta oMmoryhaBareM paHujux MHTEpBEHLMja 1 NepcoHanu3o-
BaHMX cTpaTernja nederwa. MefyTum, xeTeporeHoOCT nony-
nauuja Ha WHTEH3VBHOj HE3N U BapwjabunHOCT eTuornoruvja
WHeKUMja NpeacTaBrbajy 3HavajHe n3asoBe 3a pasBoj U
umnnemeHTaunjy mogena. \oeHTndukoBame HajpeneBaHT-
HUjUX KIUHUYKKMX M nabopaTopujckMx NpeamkTopa, kao M
opabup pobycHUX M MHTEpPNPEeTabUMHUX MOoAena BelTayke
UHTENUreHumje, Kiby4Ho je 3a KIMHWYKY NPUMEHIBUBOCT [2].

Xunoresa

[MpeTtnoctaBrbamo fa npuvMeHa HanpegHux moperna Be-
LWTAYKe WHTENUreHumje Moxe 3HavajHo nobosbluaTh Tau-
HoCT npeaBuhara ncxoda Kog nauunjeHata ca Telkum bak-
TePUjCKMM MHGEKLMjaMa Ha OferberMa MHTEH3UBHE Here
y nopehewy ca TpaguumoHarHUMm anatuma 3a npoLeHy
pusmka.

MpumapHu LnIb OBe CTyauje je pa3Boj U Banvaalmja moge-
na npeapviaka 3aCHOBaHMX Ha BELUTAYKOj MHTENUreHLmjun
KOju MOry npeLm3Ho npeaBuaeT MOpPTanuTeT, AyXuHY 6o-
paBKa 1 Tepanujcku O4roBOp Ko, nauunjeHaTa Ha UHTEH3UB-
HOj HE3M KOju NaTe of TeLkux BakTepujckux nHgekumja.

such as mortality, length of hospital stay, and response to
treatment remains challenging due to the complexity and
variability of clinical presentations [1]. In this context, arti-
ficial intelligence (Al) has emerged as a promising tool to
enhance clinical decision-making through the analysis of
large and complex data sets [2].

Recent studies have demonstrated the potential of Al in
early detection and prognosis of sepsis, a severe and
life-threatening response to infection. For instance, a ma-
chine learning model developed by Gao et al. achieved an
area under the receiver operating characteristic curve (AU-
ROC) of 0.94 in predicting sepsis mortality, outperforming
traditional scoring systems. This model utilized a reduced
set of features, enhancing interpretability and clinical ap-
plicability [1].

Furthermore, Al models have been employed to predict
the appropriateness of empiric antibiotic treatments in ICU
patients with hospital-acquired infections. Goldschmidt et
al. developed a machine learning model that predicted in-
appropriate empiric antibiotic treatment with an AUROC of
0.773, enabling earlier intervention and potentially improv-
ing patient outcomes [2].

The integration of Al into clinical workflows offers the po-
tential to revolutionize patient management by enabling
earlier interventions and personalized treatment strate-
gies. However, the heterogeneity of ICU populations and
the variability of infection aetiologies pose significant chal-
lenges to model development and implementation. Identi-
fying the most relevant clinical and laboratory predictors,
as well as selecting robust and interpretable Al models, is
crucial for clinical utility [2].

Hypothesis

We hypothesize that the application of advanced Al mod-
els can significantly improve the accuracy of predicting out-
comes in patients with severe bacterial infections in ICUs
compared to traditional risk assessment tools.

The primary aim of this study is to develop and validate Al-
based prediction models that can accurately forecast mor-
tality, length of stay, and therapeutic response among ICU
patients suffering from severe bacterial infections.

Research Questions

This study explores which artificial intelligence algorithms
are most effective in predicting outcomes of severe bacte-
rial infections in intensive care units, identifies the clinical
and laboratory variables that most significantly contribute
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UcTpaxuBayka nutawa

OBa cTyauja nctpaxyje Koju cy anropuTmu BellTadke MH-
TenureHuvje HajedpukacHujn y npensuhamwy ucxoga Te-
WKnx BakTepujckux UHMEeKUMja Ha oferberwnma WHTEH-
3UBHe Here, naeHTUduKyje knuHudke n naboparopujcke
Bapuvjabne Koje Haj3HayajHuje JONpUHOCE MPEOUKTUBHO]
Ta4yHOCTM OBUX Mofena u ynopehyje nepgpopmaHce Al mo-
Jerna ca KOHBEHUMOHanHWM MPOrHOCTUYKMM CUCTEeMUMa
B6ogoBarsa Koju ce 0BUYHO KOPUCTE Y MHTEH3NBHO] HE3MW.

OBa cTyamnja nma 3a unrb Aa nonyHu TPeHYTHY NPasHUHy y
3Hary pa3BojeM pobyCHOr OKBMpa 3aCHOBAHOT Ha BeLuTau-
KOj MHTenureHumwju, npunaroheHor npeasuharwy ucxoda
TeLKmx 6akTepujckmx nHdeKUMja y yCrnoBumMa MHTEH3MBHE
Here. PesynTtaty 61 Mornu onakwaTu paHy ctpatudukaum-
jy pvaunka n omoryhntn ycMepeHuje KIMHUYKE MHTEpPBEH-
umje, WTO 61 Ha kpajy noborbLuano NporHo3y nawuvjeHara.

MeTtope

OBa cTyavja je ocMULLIbEHA Kao PETPOCMEKTMBHA KOXOPT-
Ha aHanM3a ycMepeHa Ha pa3Boj MU Banugauujy mogena
BelwTayke wHTenureHuuje (BW) 3a npegsuhare ucxo-
Aa Tewknx BakTepujckmx MHMEKUMja Kog nauujeHata Ha
operbewrma uHTeHsmBHe Here (OUH). C o63vpom Ha
npupoay cTyauje, Koja nogpasymeBa aHanuay MOTMyHO
AHOHMMM30BaHUX, PYTUHCKU NPUKYNIbEHUX ENEKTPOHCKUX
3gpaBcTBeHUx kapToHa (E3K) 6e3 anpekTHe uHTepakuunje
ca naumjeHTOM WU NpUKynibaka HOBMX NodaTtaka, eTU4Ko
opnobpere Huje notpebHo. OBaj NpucTyn je y cknagy ca
Baxxehym nponucuma 1 cMepHuuama Koje ce ogHoce Ha
ceKkyHOapHy ynoTpeby 3apaBCTBEHMX nogaTtaka y ucTpa-
XKMBayKe CBpXe.

[unzajH cTyavje n npukynrbawe nogaraka

CTtyauja KOpPUCTM PYTUHCKM NPUKyNibeHe nodaTke of na-
UujeHaTa Ha MHTEH3VBHO] He3n NpuMIbeHux msmehy ja-
Hyapa 2020. n geuembpa 2024. rogvHe 13 BULIE Meau-
LUMHCKMX LeHTapa kako 6u ce ocurypana pasHOMMKOCT U
reHepanusauuja. lMpouec npukynrbawa nopataka Guhe
CTPOro OrpaHM4yeH Ha aHOHUMU30BaHe KapToHe nauujeHa-
Ta kako 61 ce ogpxxana NpMBaTHOCT U MOLUTOBaNW Nponu-
Cuv 0 3aWwTnTK nogartaka. Kputepujymn 3a ykroyunBare he
obyxBaTaTtu ogpacne nauujeHTe (ctapuje og 18 roanHa) ca
noteBpheHom gujarHo3om Telke OakTepujcke MHekuwmje,
Kao WWTO cy cenca, bakTepujeMuja unu Tewka baktepujcka
ynana nnyha, Koju cy NpUMIbeH Ha UHTEH3UBHY Hery Haj-
marbe 48 catn. Kputepujymm 3a uckrbyunsare he obyxsa-
TaTu naumnjeHTe ca NPUMapHUM BUPYCHUM UINU FTBUBUYHUM
MHpekumjama 6e3 GakTepumjckor yvewha, oHe ca 3Hauaj-
HVMM MpasHYHama y nogauyma v NOHOBHE NpujeMe y UCTOM

to the predictive accuracy of these models, and compares
the performance of Al models with conventional prognostic
scoring systems commonly used in critical care.

This study aims to fill the current knowledge gap by devel-
oping a robust Al-based framework tailored to the predic-
tion of severe bacterial infection outcomes in ICU settings.
The findings could facilitate early risk stratification and en-
able more targeted clinical interventions, ultimately improv-
ing patient prognosis.

Methods

This study is designed as a retrospective cohort analysis
aimed at developing and validating artificial intelligence (Al)
models to predict the outcomes of severe bacterial infec-
tions among patients in intensive care units (ICUs). Given
the nature of the study, which involves the analysis of fully
anonymized, routinely collected electronic health records
(EHRs) without direct patient interaction or the collection of
new data, ethical approval is not required. This approach
aligns with current regulations and guidelines related to the
secondary use of healthcare data for research purposes.

Study Design and Data Collection

The study utilizes routinely collected data from ICU pa-
tients admitted between January 2020 and December
2024 from multiple medical centres to ensure diversity and
generalizability. The data collection process will be strictly
confined to anonymized patient records to maintain privacy
and comply with data protection regulations. Inclusion cri-
teria will consist of adult patients (aged 18 years and older)
with a confirmed diagnosis of severe bacterial infection,
such as sepsis, bacteraemia, or severe bacterial pneumo-
nia, who were admitted to the ICU for at least 48 hours.
Exclusion criteria will include patients with primary viral or
fungal infections without bacterial involvement, those with
significant data gaps, and readmissions within the same
hospitalization period.

The primary outcomes to be predicted are:

1. Mortality: Defined as in-hospital death during the
ICU stay.

2. Length of Stay (LOS): The duration from ICU admis-
sion to either discharge or death.

3. Therapeutic Response: Improvement or deteriora-
tion within the first seven days of ICU admission,
based on objective changes in vital signs, laboratory
parameters (such as reduction in CRP, normaliza-
tion of lactate), and overall clinical assessment.

The collected variables will include demographic charac-
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nepvoay xocnutanusauuje.

MpumapHu ucxoam koje Tpeba NnpeaBnaeTy cy:

1. MopTanuTteT: geduHuLIe ce Kao CMpPT Y BonHMLM TO-
kKoM 6opaBKka Ha MHTEH3MBHO] HE3W.

2. [OyxwuHa 6opaBka (LOS): Tpajarwe oa npujema Ha UH-
TEH3MBHY Hery 4o OTnycTa UM CMpTu.

3. Tepaneytcku ogrosop: noborbllamwe MM noroplia-
e y NpBMX cejaM faHa of npujemMa Ha UHTEeH3UB-
Hy Hery, Ha OCHOBY OBjEKTUBHUX NPOMEHa BUTaSTHNX
3HakoBa, nabopaTtopujcknx napametapa (kao LUTO Cy
cvamwerwe CRP-a, Hopmanusauuja nakrara) un on-
LUTEe KMMHUYKE MpoLeHe.

MpukynreeHe Bapwjabne he obyxsartatn gemorpadcke ka-
pakTepucTuke (CTapocT, Mo, koMopbuanTeTe Kao LWITO Cy
avjabetec n xunepTeHanja), KNMHWYKE nogaTtke (BuTamnHe
3Hake npu npujemy, SOFA pesynrtate, pesyntate Ha [na-
3roBoj ckann kome (GCS), nabopatopujcke pesyntaTe
(6poj 6enux kpBHUX 3pHaua, CRP, npokanuMToHWH, nakTar,
mMapkepe OybpexHe yHKumMje), MUKpobuMonoLwke Hanase
(vpeHTUbMKOBaHe naTtoreHe v Npodwune pesucTeHumje Ha
aHTMOMOTKKE) U Tepanujcke MHTEepBeHLUMje (BpcTa U Tpa-
jarbe aHTMbMoTMKa, ynotpeba MexaHuuke BeHTUnauuje u
Ba3onpecopcka nogpluka). OBe Bapujabne cy nsabpaHe Ha
OCHOBY HMXOBE KIMHWYKE PEerneBaHTHOCTY U yTBpfeHe npo-
FHOCTUYKE BPEOHOCTU Y OKPYXeHY MHTEH3NBHE Here [1, 2].

MpeTxoaHa obpaaa nogaTaka

MpeTxogHa obpaga nogataka he ykbyumBaTth ynpasrbate
HepocTajyhvm BpegHocTUMa kopuwherweM meToge BuLle-
CTpyKe mMnyTauuje naHdaHum jegHadmHama (MICE) kako
6K ce ogpkao MHTErpuTeT nogataka u MMHUMU3upana npu-
cTpacHocT. KaTteropuyke npoMmeHrbvee he 6utn kogmpaHe
Kopuwherwem jegHOKpaTHOr Kogupawa, a KOHTMHyupaHe
npomeHsrsuee he 6UT Hopmanu3oBaHe kako 6u ce ocury-
pana yHuopMHOCT y LienioM cKyny nogataka. Nopeg Tora,
n3bop kapakTepuctuka he ce BpLMTK KopUWherem MeTo-
[Oe Hajmarser anconyTHOr CKynrbaka U onepatopa Cenek-
unje (LASSO) kako 6u ce cmamuna QUMEH3NOHANHOCT y3
ouvyBake HajuHopMaTuBHMjUX npegukTopa. OBaj kopak
je KrbyyaH 3a noborbluake Ta4HOCTU MOAENa U CMameHe
pu3nka of MpeKoMepHOr yknanarka, nocebHo umajyhu y
BUAY CNOXEHY W BULLIEAMMEH3MOHaNHy npupogy nogaraka
NPUKYNIbEHNX U3 jeANHNLE UHTEH3NBHE Here.

Pa3Boj u eBanyaumja mogena

Hekonvko amropytama MalMHCKOr y4dewa Ouhe kopwu-
wheHo 3a pa3Boj NpeauKTUBHMUX Modena. CriyyajHa wyma
N eKCTPEeMHO rpagujeHTHO nojavaBawe (XGBoost) Guhe
KopuwheHn 300r wrxoBe pobycHOCTM 1 cnocobHocTM aa

Marko Kimi Mili¢, S¢epan Sinanovi¢

teristics (age, gender, comorbidities such as diabetes and
hypertension), clinical data (vital signs at admission, SOFA
scores, Glasgow Coma Scale (GCS) scores), laboratory
results (white blood cell count, CRP, procalcitonin, lactate,
renal function markers), microbiological findings (identified
pathogens and antibiotic resistance profiles), and thera-
peutic interventions (type and duration of antibiotics, use of
mechanical ventilation, and vasopressor support). These
variables were chosen based on their clinical relevance
and established prognostic value in ICU settings [1, 2].

Data Preprocessing

Data preprocessing will involve the management of missing
values using the Multiple Imputation by Chained Equations
(MICE) method to maintain data integrity and minimize
bias. Categorical variables will be encoded using one-hot
encoding, and continuous variables will be normalized to
ensure uniformity across the dataset. Additionally, fea-
ture selection will be performed using the Least Absolute
Shrinkage and Selection Operator (LASSO) method to re-
duce dimensionality while preserving the most informative
predictors. This step is crucial to enhance model accuracy
and mitigate the risk of overfitting, particularly given the
complex and multidimensional nature of ICU data.

Model Development and Evaluation

Several machine learning algorithms will be employed to
develop predictive models. Random Forest and Extreme
Gradient Boosting (XGBoost) will be utilized for their ro-
bustness and ability to handle non-linear interactions. Deep
Neural Networks (DNNs) will also be explored to capture
complex relationships, while Logistic Regression will serve
as a baseline due to its interpretability and prevalence in
clinical research.

Model training will be conducted using a 70-30 train-test
split, with stratified sampling to ensure balanced represen-
tation of mortality and non-mortality cases. Cross-valida-
tion (5-fold) will be applied to validate model stability and
reduce overfitting. Model performance will be assessed
using the following metrics:
e Mortality Prediction: Area Under the Receiver Oper-
ating Characteristic Curve (AUROC)
e Length of Stay Prediction: Mean Absolute Error
(MAE)
e Therapeutic Response Prediction: F1-score and
precision-recall curve analysis

To ensure the robustness of the developed models, sensi-
tivity analyses will be performed by varying the data pre-
processing techniques and testing different feature selec-
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obpage HenuHeapHe WHTepakumje. [yboke HeypoHcke
mpexxe (DNN) he Takohe OuTM ucTpaxeHe 3a xBaTame
CrnoXeHux ogHoca, Aok he nornctuyka perpecuja cryxuTu
Kao OCHoBa 360r cBOje MHTEPNPETabUITHOCTM K pacnpo-
CTPa-EHOCTU Y KIMHUYKUM UCTPaXnBarMa.

O6yka mogena he ce cnpoBoguTu Kopuwhewem nogene
TpeHuHr-tect 70-30, ca cTpaTnrKkoBaHUM y30pKOBaHEM
Kako 61 ce ocurypana ypaBHOTEXeHa 3aCTyMnibeHOCT Cry-
YajeBa MopTanuTeTa M HemopTanuTeTa. YHakpcHa Banu-
dauuvja (netopocTtpyka) he ce NnpMMeHUTH Kako 6u ce no-
TBpAWna CTabWUIHOCT Mogena v CMawWio MPEKOMEPHO
npunarohasawe. NepdopmaHce mogena he ce npoueru-
BaTu kopuwherwem crnegehmx MeTpuka:
e [lpeaBuhare MopTanuTeTa: NOBPLUMHA UCNOA KpUBE
pagHux kapaktepuctuka npujemHuka (AUROC)
e [lpegBuhame ayxunHe 6opaBka: cpegHa anconyTHa
rpewka (MAE)
e [lpegBuhawe Tepanujckor ofaroBopa: aHanuaa
F1-ckopa n KprBe npeumsHoCTU 1 nogceharsa.

[a 6u ce ocurypana pobycHOCT pasBujeHUX mogena, aHa-
nu3e oceTrbMBOCTU Brhe cnpoBefeHe Bapuparkem TeEXHU-
Ka npeTxofgHe obpage nogaTtaka v TecTuparem pasnuyn-
TUX MeToga usbopa kapaktepucTuka. lNopeg tora, aHanunse
noarpyna he uctpaxuTtu noteHuujanHe Bapuvjauuje y nep-
dhopmaHcama mMofena Ha OCHOBY CTapoOCTuW NaLunjeHTa, on-
Tepehera KoOMOpOMAMTETOM U BpCTe MHpeKuumje.

CodTBep U cTaTUCTUYKA aHanums3a

Cea npeTtxogHa obpafda nogaTtaka, pa3Boj Mogena u cra-
TUCTUYKE aHanuse Ouhe wn3BegeHn kopuwherwem [aj-
ToHa (Bep3uja 3.x), kopuctehmn pasHe cneuujann3oBaHe
6ubnnoteke. Pandas he ce KOpUCTUTM 3a MaHunynauujy
n yiwhene nogataka, gok he NumPy obpahueatu Hyme-
puvyke onepauuje. 3a 0bOyky Mogena MalMHCKOr ydensa
6uhe kopuwhenun Scikit-learn n XGBoost. Mogenun gy6o-
KMX HEYpPOHCKMX Mpexa buhe passujeHn kopuwherem
TensorFlow/Keras-a 360r 1xoBe rekCcMbunHocTm 1 cka-
nabwnHocTtu. Busyenusauuja pesyntarta, ykibydyjyhu ROC
1 KpuBe npeLmn3HocTy n npucehara, buhe reHepucaHa ko-
puwherwem Matplotlib-a n Seaborn-a.

CraTnctnyke aHanmae, ykibydyjyhu TectoBe 3a gucTpumoy-
uunjy nogaTtaka u aHanuady kopenauuvje, buhe cnpoBegeHe
kopuwheweMm SciPy n Statsmodels. [Ja 6u ce ocurypana
penpoayKTUBHOCT, CBU CKpuNToBU he BUTU oapXkaBaHu nog
KOHTpoOrom Bep3uja kopuwhewem Git-a, a npopavyHu he
Ce M3BpLUaBaTV Ha KrnacTepy BMCOKONepdOpPMaHCHUX pa-
YyHapa kako 6u ce ynpaBrbasno BEMMKOM KONMYMHOM noaa-
Taka ca jegMHuMLa NHTEH3MBHE Here. TOKOBM paga aHanmse
6uhe gokymeHTOBaHM Kopuwhewem Jupyter Notebooks-a

tion methods. Additionally, subgroup analyses will explore
potential variations in model performance based on patient
age, comorbidity burden, and infection type.

Software and Statistical Analysis

All data preprocessing, model development, and statistical
analyses will be performed using Python (version 3.x), le-
veraging a variety of specialized libraries. Pandas will be
used for data manipulation and cleaning, while NumPy will
handle numerical operations. For machine learning model
training, Scikit-learn and XGBoost will be employed. Deep
neural network models will be developed using Tensor-
Flow/Keras due to their flexibility and scalability. Visualiza-
tion of results, including ROC and precision-recall curves,
will be generated using Matplotlib and Seaborn.

Statistical analyses, including tests for data distribution
and correlation analysis, will be conducted using SciPy
and Statsmodels. To ensure reproducibility, all scripts will
be maintained under version control using Git, and compu-
tations will be executed on a high-performance computing
cluster to manage the large volume of ICU data. Analysis
workflows will be documented using Jupyter Notebooks for
transparency and reproducibility.

By utilizing a robust software framework, the study ensures
that the analysis is transparent, reproducible, and adheres
to the highest standards of computational research. The
integration of machine learning techniques within a struc-
tured analytical pipeline aims to produce reliable and clini-
cally relevant predictions.

Results

In this study, we developed and evaluated multiple Al mod-
els to predict ICU mortality, length of stay (LOS), and ther-
apeutic response in patients with severe bacterial infec-
tions. The models tested included Random Forest (RF),
Extreme Gradient Boosting (XGBoost), Deep Neural Net-
works (DNN), and Logistic Regression (LR) as a baseline.
The primary metric for mortality prediction was the Area
Under the Receiver Operating Characteristic Curve (AU-
ROC), while LOS was evaluated using Mean Absolute
Error (MAE). Therapeutic response was assessed using
F1-score and precision-recall curves, given the potential
class imbalance.

Patient Characteristics
A total of 2,000 patients with severe bacterial infections

admitted to ICUs between January 2020 and December
2024 were included in the analysis. The mean age of the
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paguv TPaHCMapeHTHOCTM U PenpoayKTUBHOCTH.

Kopuwherem pobycHor codpTBepcKor okBupa, CTyauja
ocurypaBa fja je aHanumsa TpaHcnapeHTHa, penpoayumnbun-
Ha 1 Aa ce Npuapxasa HajBULMX CTaHAApAa pavyHapcKor
ncTpaxuBama. MIHTerpaumja TexHmka MallMHCKOT y4eHha Yy
CTPYKTYpUpaHN aHanuTn4ku npouec nma 3a Luurb ga npo-
n3Befe Noy3faHa U KIMMHWUYKU perneBaHTHa npeasuhatsa.

PesyntaTtu

Y 0BOj CTyAujK, passunn cMO U MPOLEHUNN BULLE MOAe-
na BewlTayke WHTenuUreHumje 3a npegsuhake mopTanu-
TeTa, AyxuHe bopaska (LOS) n Tepanujckor ogroBopa Ha
WHTEH3UBHO] HEe3W Kop nauuvjeHaTta ca Telkum GakTepwj-
CKUM MHdekumjama. TecTpaHu Mogenu cy yKkibydmsanmu
cnyyajHy wymy (RF), ekcTpeMHO rpagujeHTHO nojavaBa-
e (XGBoost), nyboke HeypoHcke mpexe (DNN) n noru-
cTndky perpecujy (LR) kao ocHoy. MNpumapHa meTpuka 3a
npegsvhawe MopTanuTeTa brna je noBpLUMHA NCnog Kpu-
Be ornepaTtuBHMX Kapaktepuctuka npujemHuka (AUROC),
nok je LOS npouereH kopuwheweM cpeare anconytHe
rpewke (MAE). TepaneyTckvu 04roBop je NpoueHeH Kopu-
wherwem F1-ckopa 1 KpMBUX NpeLm3HOCTU 1 noacehatsa,
¢ 0631MpoM Ha noTeHuujanHu gucbanaHc y krnacama.

KapakTepucTtuke nauumjeHarta

Y aHanusy je ykrbydeHo ykynHo 2000 nauujeHata ca Te-
WKUM BakTepujckum MHdEKUnjama, NPUMIbEHNX Ha ofe-
bewa MHTeH3nBHe Here uamehy janyapa 2020. n geuem-
©pa 2024. roguHe. poceyHa cTapocT koxopTe buna je
62,4 + 14,7 rognHa, ca NpeTexHO MyLKUM norom (60%).
Hajuewhwn komopbuantetn 6unu cy xunepteHsumja (45%),
avjabetec menutyc (30%) n xpoHnyHa Gomnect Gybpera
(20%). PecnupatopHe uHdekunje bune cy Hajyewhe me-
cTo npumapHe uHdekunje (40%), 3aTum MHekumje KpBo-
Toka (30%) n nHdpekumnje abgomena (20%).

lMopehere npexuBenux 1 HeENpexuBenmx oTKPUIO je 3Ha-
YyajHe pasnuvke y aemorpadcknum u KNMHUYKMM Bapwujabna-
mMa. HenpexuBenn cy 6unu ctapuju (npoceyHa cTapocTt
67,8 rognHa Hacnpam 60,2 roavMHe 3a NpexuBerne) 1 umanu
cy Behy npeBaneHuujy komopbuamTeTa, NOceOHO XPOHUYHE
bonectn 6ybpera (28% Hacnpam 18%). Mopen Tora, WH-
dekumje kpBoToka bune cy vewhe mehy Henpexusenuva
(35% Hacnpam 28%), WwTo yKasyje Ha NnoTeHumnjanHy TeXuHy
noeesaHy ca baktepujemujom. OBM Hanasu cy y cknagy ca
NPeTXo4HUM CTyAujama Koje cy Harnalasare nosehaHu pu-
3UK Kof, CTapujux nauujeHarta ca komopbuautetuma [1, 2].

[emorpadcke 1 KNMHUYKe KapakTepucTuKe nauuvjeHaTa Ha
WHTEH3NBHO] He3n NpukasaHe cy y Tabenu 1. OBa Tabena

Marko Kimi Mili¢, Séepan Sinanovi¢

cohort was 62.4 + 14.7 years, with a male predominance
(60%). The most frequent comorbidities were hyperten-
sion (45%), diabetes mellitus (30%), and chronic kidney
disease (20%). Respiratory infections were the most com-
mon primary infection site (40%), followed by bloodstream
infections (30%) and abdominal infections (20%).

Comparing survivors and non-survivors revealed signif-
icant differences in demographic and clinical variables.
Non-survivors were older (mean age 67.8 years vs. 60.2
years for survivors) and had a higher prevalence of comor-
bid conditions, particularly chronic kidney disease (28%
vs. 18%). Additionally, bloodstream infections were more
common among non-survivors (35% vs. 28%), indicating
the potential severity associated with bacteraemia. These
findings are consistent with previous studies emphasizing
the increased risk among elderly patients with comorbidi-
ties [1, 2].

The demographic and clinical characteristics of ICU pa-
tients are presented in Table 1. This table highlights the
significant differences between survivors and non-survi-
vors, particularly in age and the prevalence of chronic con-
ditions, which are key factors influencing ICU outcomes.
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NcTU4Ye 3HavajHe pasnuke U3Meny npexuneBennx u Henpe-
XnBenux, nocebHo y CTapocTu 1 npeBaneHumnju XpoHnY-
HUX CTakba, LUTO CYy KIbYYHU (hakTopu KOjU YTUYY Ha ucxone
Ha WHTEH3NBHOj He3u.

Ta6ena 1. [lemorpadcke 1 KINMHUYKE KapakTepUCTUKE na-
LMjeHaTa Ha MHTEH3MBHO] He3Nn

Kapakrepuctuka

Characteristic

Table 1. Demographic and Clinical Characteristics of ICU
Patients

CrtapocT (roguHe)
Age (years)

Mywiku (%)
Male (%)

XunepTteH3uja (%)
Hypertension (%)

Anjabetec menutyc (%)
Diabetes Mellitus (%)

XpoHu4Ha 6onect 6y6pera (%)
Chronic Kidney Disease (%)

PecnuparopHa nHdekumja (%)
Respiratory Infection (%)

UHdekumja kpBoTokKa (%)
Bloodstream Infection (%)

A6aomuHanHa uHdekuuja (%)
Abdominal Infection (%)

MewoBuTo/HejacHO nopekno (%)
Mixed/Unclear Origin (%)

MepdopmaHce moagena

MNepdopmaHce pa3BujeHXx MoJena BeluTadke UHTENUreH-
unje y npegsufjarby MopTanuteTa Ha WHTEH3VBHO] HE3n
cymypaHe cy y Tabenu 2. XGBoost je nocturao HajBuLLK
AUROC (0,93), a ogmax 3atum ra je npatmo Random
Forest (0,91). DNN mogen je nocturao ymepeHo gobpe
pesyntate ca AUROC-om og 0,89, pok je Jlormctudka
perpecuja umana HajHmwke pesyntate ca AUROC-om of
0,82. OBun pesynTaTti ykasyjy Ha To Aa cy aHcambn metoge
(XGBoost n Random Forest) nocebHo echmkacHe 3a npea-
Bufhare mopTanuteTa 360r H1xoBe cNOCOBHOCTU Aa Mo-
Jenvpajy cnoxeHe obpacue nogaraka.

Tabena 2. AUROC pasnununtux mogena 3a npegsuhare
MopTanuTeTta

YkynHo I'Ipeixusenu Heﬂp!i)KMBenu
(n=2000) (n=1 500) (“-509) p-BpeAHoCT
Total (n=2000) ?1":”1’%’85? NOf(’;)itégvgors p-value
624+147  602:139  67,8+153 <0,001
60 58 65 0,03
45 40 55 <0,01
30 28 37 0,02
20 18 28 <0,01
40 42 35 0,08
30 28 35 0,05
20 18 25 0,03
1 12 5 0,04

Model Performance

The performance of the developed Al models in predicting
ICU mortality is summarized in Table 2. XGBoost achieved
the highest AUROC (0.93), followed closely by Random
Forest (0.91). The DNN model performed moderately well
with an AUROC of 0.89, while Logistic Regression had the
lowest performance with an AUROC of 0.82. These results
indicate that ensemble methods (XGBoost and Random
Forest) are particularly effective for mortality prediction due
to their ability to model complex data patterns.

Table 2. AUROC of Different Models for Mortality Predic-
tion

Mogen / Model AUROC

XGBoost 0,93

CnyuajHa wyma / Random Forest 0,91
Ly6oka HeypoHcka mpexa /| Deep Neural Network 0,89
JNorncTtnyka perpecwja / Logistic Regression 0,82

padmkoH 1 nnycTpyje ynopegHe nepdopmarce yetmpu Chart 1 illustrates the comparative performance of the four

mMogena, jacHo nokasyjyhu cynepuopHoct XGBoost-a.
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MpadmkoH 1. YnopeaHe nepdopmaHce CNUTUBaHMX MOAENa
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Chart 1. Comparative performance of the tested models

XGBoost CnyuajHa wyma

Random forest

3Hauaj KapakTepucTu1Ka

[a 6ucmo pasymenu koje Bapujabne HajsHavajHuje yTudy
Ha npegBuhake MopTanuTeTa, aHanuavpanu cMo 3Hauaj
kapaktepuctuka kopuctehun XGBoost mogen, koju je no-
Ka3ao Hajoorbe nepcopmaHce. Kao WwTo je npukasaHo y
Tabenu 3, ctapoct, SOFA ckop 1 HMBO NakTaTta nojaBumnm
Cy Ce Kao Tpu rmaBHa npegukropa. OBW Hanasm cy y ckna-
Oy ca KNMHMYKUM odekuBarMMa, jep cy Beha ctapocT u
Bucokn SOFA pesyntatv gobpo ytepheHn mapkepwu nowle
nporHose [1, 2].

Tabena 3. [leceT HajBaXXHWjX KAapaKTEPUCTMKA KOje yTU4y
Ha MopTanuTeT Ha MHTEH3UBHO]j He3n (XGBoost mogen)

Kapaktepucrtuka
Feature

Y3pact/ Age

SOFA pe3yntat / SOFA Score
HuBo nakrara / Lactate Level

CRP/ CRP

MpokanuutoHuH / Procalcitonin
PecnupaTtopHa cpekBeHumja / Respiratory Rate
OTkyuaju cpua / Heart Rate

KpeatuHuH / Creatinine

masroBa ckana kome / Glasgow Coma Scale
Bpoj neykouuta /| WBC Count

paduKoH 2 BM3yerHo npukasyje penaTtmBHU 3Ha4vaj OBUX
KapakTepucTuka, Harnawasajyhun JOMUHaHTHY yrory
ctapoctu u SOFA pesynTatu.

Oyboka HeypoHCKa Noructuuka
Mpexa perpecuja
Deep Neural Logistic
Network Regression

Feature Importance

To understand which variables most significantly impact
mortality prediction, we analysed feature importance using
the XGBoost model, which demonstrated the best perfor-
mance. As presented in Table 3, age, SOFA score, and
lactate level emerged as the top three predictors. These
findings align with clinical expectations, as older age and
high SOFA scores are well-established markers of poor
prognosis [1, 2].

Table 3. Top 10 Features Influencing ICU Mortality (XG-
Boost Model)

PenaTtunBHa BaXXHOCT
Relative Importance

0,23
0,19
0,15
0,10
0,08
0,07
0,06
0,05
0,04
0,03

Chart 2 visually depicts the relative importance of these
features, emphasizing the dominant role of age and sever-
ity scores.
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MpacdbmkoH 2. PenaTtBHM 3Ha4aj NPeaNKTUBHUX KapakTepu-
CTMKa 3a MOPTanuTET KOA NauujeHaTa Ha MHTEH3UBHO] HE3W.

Y3pact / Age

SOFA pe3yntat / SOFA Score

HuBo nakrata / Lactate Level

CRP

MpokanuutoHuH / Procalcitonin

PecnupatopHa cpekBeHumja / Respiratory Rate
OTkyuaju cpua / Heart Rate

KpeaTtuHuH / Creatinine

ma3roBa ckana kome / Glasgow Coma Scale

Bpoj neykouuta / WBC Count

Chart 2. Relative importance of mortality predictors in ICU
patients

0.00

MpenBuhake AyxnHe 6opaBka

TauHocT npeguhawa LOS-a y pasnuuntum mogenvma
npvkasaHa je y tabenn 4. XGBoost n Random Forest cy
MOHOBO MoOKasanu cynepuvopHe nepdopmaHce, ca MAE
BpeaHoctuma op, 3,2 un 3,4 gaHa, pecnektnBHo. DNN mo-
aenu cy unun mane noysgaxun (MAE 4,0 gaxa), gok je Jlo-
rMcTuYKa perpecuja buna Hajvame TadyHa (MAE 4,8 naHa).

Tabena 4. lNepdopmaHce mogena y npeasuhary gyXnHe
6opaska (MAE)

Mogen / Model

XGBoost

CnyuajHa wyma / Random Forest
Ly6oka HeypoHcka mpexa | Deep Neural Network
JNorncTtnyka perpecwja / Logistic Regression

MpeaBuhawe Tepanujckor ogroBopa

CnocobHocT mogena ga npeasuae Tepanujckm oaroBop y
NpBUX cedaM [aHa of npujema Ha MHTEH3UBHY Hery npu-
KasaHa je y Tabenu 5. XGBoost je nocturao Hajpuwmn F1-
ckop og 0,81, satum cnege Random Forest (0,79) n DNN
(0,77). INNoructuuka perpecuja je nokasana Hajrope pesyn-
TaTte, ca F1-ckopom og 0,70.

0.05

0.10 0.15 0.20

Length of Stay Prediction

The accuracy of LOS predictions across different models
is shown in Table 4. XGBoost and Random Forest again
showed superior performance, with MAE values of 3.2
and 3.4 days, respectively. DNN models were less reliable
(MAE 4.0 days), while Logistic Regression was the least
accurate (MAE 4.8 days).

Table 4. Model Performance in Predicting Length of Stay
(MAE)

MAE (pnaHw)
MAE (days)
3,2
3,4
4,0
4,8

Therapeutic Response Prediction

The models’ ability to predict therapeutic response within
the first seven days of ICU admission is presented in Ta-
ble 5. XGBoost achieved the highest F1-score of 0.81, fol-
lowed by Random Forest (0.79) and DNN (0.77). Logistic
Regression performed the worst, with an F1-score of 0.70.
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Tab6ena 5. F1-pesyntatn 3a npegsuhake Tepanujckor og-
roBopa

Mopaen / Model

XGBoost

Cnyu4ajHa wyma / Random Forest
LOy6oka HeypoHcka mpexa / Deep Neural Network
TNoructuuka perpecwuja / Logistic Regression

padmkoH 3 ynopehyje F1 pesyntate mehy mogenuma,
aemoHcTpupajyhn XGBoost-oBy KOH3UCTEHTHY NPegHOCT.

MpadmkoH 3. CnocobHocT Mmogena 3a npeapuhare Tepa-
nunjckor ogroBopa npukasaHa kao F1 ckop

1.0

0.8

T

0.6

0.4

0.2

Marko Kimi Mili¢, Séepan Sinanovi¢

Table 5. F1-Scores for Therapeutic Response Prediction

F1-Pesyntar
F1-Score

0,81
0,79
0,77
0,70

Chart 3 compares the F1-scores across the models,
demonstrating XGBoost’s consistent advantage.

Chart 3. Models’ ability to predict therapeutic response
shown as F1 score

0.0

XGBoost CnyuajHa wyma

Random forest

Tymauemwe

OBn pesyntatn notBphyjy CynepuopHy MNpPeauKkTUBHY
CrnocobHocT aHcambn metopa, nocebHo XGBoost-a, koju
eduKacHo nHTerpue gemorpacdhcke, KNMHn4Yke 1 nadopa-
Topujcke nopaTke. Bucoke nepcopmaHce y npeasuhary
MopTanuTeTa 1 Tepanujckor ogrosopa Harnaiwlasajy HeH
noTeHuMjan 3a NoapLUKY KIMHUYKOM OAy4YMBary Yy pearn-
HOM BpeMeHy. Huxe nepdopmaHce forucTuyke perpecuje
ofpaxaBajy HeHa orpaHnyersa y obyxBaTamy CrOXEHUX
WHTEepakumnja TUNUYHMX 3a nogatke NpUKynibeHe us jean-
HULIA MHTEH3UBHE Here.

Ouckycuja

OBa cTyavja je uctpaxusana NnpuMeHy mogerna BeLutavke
nHTenureHunje (BW) 3a npepsuhame ncxopa kog naum-

Hy6oka HeypoHCKa JNornctunuka
Mpexa perpecuja
Deep Neural Logistic
Network Regression

Interpretation

These results confirm the superior predictive capability of
ensemble methods, particularly XGBoost, which effective-
ly integrates demographic, clinical, and laboratory data.
The high performance in both mortality and therapeutic
response prediction underscores its potential for real-time
clinical decision support. Logistic Regression’s lower per-
formance reflects its limitations in capturing complex inter-
actions typical of ICU data.

Discussion

This study investigated the application of artificial intelli-
gence (Al) models to predict outcomes in patients with se-
vere bacterial infections admitted to intensive care units
(ICUs). The hypothesis was that Al models, particularly
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jeHaTa ca Tewkum BakTepujckum MHpekumjama npumrbe-
HUX Ha oferbewa UHTeH3MBHe Here (OMH). Xunotesa je
6una ga 6y mogenu BellTauke MHTENUreHumje, nocebHo
mMeToae aHcambna kao wTto cy XGBoost n Random Forest,
HagMawmnu TpaguumnoHanHe cucteme 6ogoBarba nonyT
APACHE Il n SOFA y npegsuhary MopTanurteTa, ay>xuHe
6opaBka (LOS) u Tepanujckor ogroBopa. Pesyntatu ose
CTyAMje CHaXXHO Mnofapasajy oBy xunotesy, nokasyjyhu ga
MOZEnNM BeLuTayke MHTenureHumnje 3amcta Hyae cynepmop-
Hy NPeauKTMBHY Ta4yHOCT y nopehery ca KOHBeHUMoHarn-
HMM MeToadama.

MpeaBuhawe MopTanurteta

MpumapHu unrb oBe ctyavje 6mo je npepsuhare Mop-
TanuteTa koA KPUTUYHO GonecHux naumjeHata ca 6ak-
Tepujckum uHdekumnjama. Mehy TectupaHum mopenvma
BelwTayke uHTenureHumje, XGBoost je nokasao Hajsehy
TayHocT, nocturaswmn AUROC og 0,93. Cny4ajHa wyma je
ogmax crneguna ca AUROC opg 0,91, ook je oyboka He-
ypoHcka mpexa (DNN) nocturna 0,89. lNoructunyka pe-
rpecuja, Koja ce 4eCTo KOPMUCTU Kao OCHOBA, Mokasana je
HajHmxe nepdopmaHce ca AUROC og 0,82. OBu Hanasu
yKasyjy Ha To Aa cy metoge aHcambna nocebHo edmnkacHe
3a npegsuhare MopTanuTeTa y OKpy>KekMa NHTEH3UBHE
Here, BepoBaTHO 360r HKMxoBe CNocobHOCTM Aa obyxsaTe
CNOXeHe N HenvHeapHe opHoce uamehy Bapujabnu. Cy-
nepvopHe nepdgopmarHce XGBoost-a mory ce npunucatu
HeroBoj pobycHocTun y obpahumBary XeTeporeHnx nogara-
Ka 1 HeroBoj cnocobHocTK Aa eurkacHo ynpasrba MHTEp-
akuunjama kapaktepucTtuka [1, 2].

Hawwn Hanasu ce noknanajy ca HegaBHUM CTyaujama Koje
Cy nokasane egUKacHOCT MAaLLMHCKOr yyewa y npegsu-
hawy MopTanuteTa Mehy nauujeHTUMa Ha WHTEH3UBHO]
He3n. Ha npumep, Jlum n gp. cy ussectunu ga je mogen
MaLUMHCKOr y4yera aHcambna 3HavajHO Hagmalumo Tpaau-
umnoHarnHe cucteme 6ogoBana y npeasuhamy KpaTkopoy-
Hor mopTtanuTeTa, ca AUROC-om ynopeauBmMm ca OHWUM
NOCTUrHYTUM Y Hawoj ctyauju [3]. CnuyHo ToMme, Apyra
UCTpaxmBaka Cy Mnokasana Aa YKIbyYuBae KITMHUYKMX
nogataka y pearnHoM BpeMeHY y MoAene MaLlMHCKOT y4ye-
Ha nodorbLuaBa NpeanKTUBHY TaYHOCT KOA KPUTUYHO 060-
nenux nonynauuja.

3Hauvaj NpeAUKTUBHUX KapaKTepucTuKa

AHanusa BaXHOCTU KapakTepucTuka rnokasana je ga cy
ctapoct, SOFA ckop 1 HMBO naktata 6unu HajyTuuajHujun
npeguktopn moptanuteta y XGBoost mogeny. Ose Ba-
pvjabrie cy y cknaay ca KIMHUYKMM O4YeKkMBamumMa, jep cy
Beha cTapocT 1 Behu ckopoBu TexxmHe 6onecTu oyro nose-
3aHu ca nosehaHuUm pu3MKOM o4 MopTanuTeTa Koa nauuje-
HaTa Ha MHTEH3UBHO] He3u [1, 2]. 3Havaj nHpnamaTopHUX
Mapkepa, kao wTo cy Li-peaktnBHu npoteunH (CRP) v npo-

ensemble methods such as XGBoost and Random Forest,
would outperform traditional scoring systems like APACHE
Il and SOFA in predicting mortality, length of stay (LOS),
and therapeutic response. The results of this study strong-
ly support this hypothesis, demonstrating that Al models
indeed offer superior predictive accuracy compared to con-
ventional methods.

Predicting Mortality

The primary goal of this study was to predict mortality in
critically ill patients with bacterial infections. Among the Al
models tested, XGBoost demonstrated the highest accura-
cy, achieving an AUROC of 0.93. Random Forest followed
closely with an AUROC of 0.91, while the Deep Neural
Network (DNN) achieved 0.89. Logistic Regression, often
used as a baseline, showed the lowest performance with
an AUROC of 0.82. These findings indicate that ensemble
methods are particularly effective for mortality prediction
in ICU settings, likely due to their ability to capture com-
plex and nonlinear relationships between variables. The
superior performance of XGBoost can be attributed to its
robustness in handling heterogeneous data and its ability
to manage feature interactions effectively [1, 2].

Our findings align with recent studies that have demon-
strated the effectiveness of machine learning in predicting
mortality among ICU patients. For instance, Lim et al. re-
ported that an ensemble machine learning model signifi-
cantly outperformed traditional scoring systems in pre-
dicting short-term mortality, with an AUROC comparable
to that achieved in our study [3]. Similarly, other research
has shown that incorporating real-time clinical data into
machine learning models enhances predictive accuracy in
critically ill populations.

Importance of Predictive Features

Feature importance analysis revealed that age, SOFA
score, and lactate level were the most influential predic-
tors of mortality in the XGBoost model. These variables
are consistent with clinical expectations, as older age and
higher severity scores have long been associated with in-
creased mortality risk in ICU patients [1, 2]. The importance
of inflammatory markers, such as C-reactive protein (CRP)
and procalcitonin, also aligns with their known role in indi-
cating severe systemic infection. Additionally, respiratory
rate, heart rate, and renal function markers (like creatinine)
contributed moderately to the model’s predictive accura-
cy. This finding highlights the multidimensional nature of
predicting critical outcomes, where both demographic and
physiological parameters play significant roles [4].
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KanuuToHWH, Takofhe ce moknana ca HMXOBOM MO3HATOM
YNOroM Y yKasuBawy Ha TeLlKy CUCTeMCKY nHdekuujy. Mo-
pen Tora, cpekBeHUMja aucamwa, CpYaHn putam u Mapke-
pn BybpexHe yHKUMje (NonyT KpeaTUHUHA) YMEPEHO Cy
[OMpUHEnn NpeankTuBHoj TayHocTn mogena. OBo oTkpuhe
UCTMYe BULLEAMMEH3NOHANHY Npupoay npeasuhama Kpu-
TUYHWUX UCXoda, rae u agemorpadckn 1 pmanonoLLkm napa-
MEeTpU Urpajy 3HayajHy ynory [4].

MpeaBuhamwe gyxMHe 6opaBKa

MpeumnsHo npeasuhame gyxnHe 6opaBka Ha UHTEH3UBHO]
He3n (LOS) je kiby4HO 3a ynpaerbakbe pecypcuma v nna-
Hupare Here nauuwjeHata. Mogenu XGBoost 1 Random
Forest nokasanu cy Hajoorbe nepdopmaHce y npegsuha-
wy LOS-a, ca cpegwumm anconyTHum rpetukama (MAE) oa
3,2 n 3,4 paHa, pecnektmHo. DNN mogenu cy 6unu yme-
peHo TauHn (MAE 4,0 gaHa), 0ok je normctudka perpecuja
3aoctajana (MAE 4,8 pgaHa). CynepuopHe nepdopmaHce
MeTo[a 3acHOBaHUX Ha ctabny y npeasuhany LOS-a mory
ce npunucaTn HNXoBOj CNOCOBHOCTM Aa Mogenunpajy crno-
XeHe nHTepakumje namehy KNMHUYKMX Bapujabnu un kapak-
TepucTuka nauujeHata [5]. OBu pesynrtatu cyrepuvly fa
npensuhawa LOS-a BoheHa BelITa4KOM UHTENUrEHLMjOM
mMory nomohu y ontumMusaLmjy nckopuheHocTn KpeseTa
Ha MHTEH3MBHO] HE3N N MNaHupawy otnycTa. NpeTxogHe
CTyauje cy Takofhe ncrakne KOpMCHOCT MOAena BeluTayvke
uHTenureHumje y npeasuhawy LOS-a, nocebHo kaga ce
YKIbYYYjy AMHAMUYKM KITMHUYKKA NapameTpu.

MpenBuhamwe Tepanujckor ogrosopa

MpenBuhare Tepanujckor oaroBopa y npBux cegam gaHa
of, npujeMa Ha MHTEeH3UBHY Hery 610 je jow jeaaH BaXkaH
acnekT oBe ctyauje. XGBoost je nocturao Hajsuwmn F1-
ckop oa 0,81, 3atum cy cneannu Random Forest (0,79)
n DNN (0,77). INornctnuka perpecuja, ca F1-ckopom
oa 0,70, noHoBO ce Mokasana mMakwe edukacHoMm. Buwin
F1-ckopoBu XGBoost-a 1 Random Forest-a ykasyjy Ha TO
Aa cy oy Mmofenu 6orou y pasnukoBaky nauujeHara Koju
he BepoBaTHO pearoBaTu Ha feyewe o OHUX Koju Hehe.
Pana ungeHTuduvkaumja naumjeHaTa ca MNOBOSbHOM MpO-
rHo3oM omoryhaBa ycmepeHuje n edumkacHuje Tepanujcke
WHTEpBeHUMje, NoTeHumjarnHo cMakyjyhu mopobugutet u
MOpTanuTeT Ha MHTEH3NBHOj He3u [6].

I'Iopef]el-be ca TpagnunoHasiHuMm cucrtemMmma 6ogoBawa

TpagnumoHanHu cuctemn 6ogoBarba nonyt APACHE Il n
SOFA ce WNpOKO KopuCTe 3a NporHo3npare Ha ogerbe-
MMa nHTeH3mBHe Here. Mefhytum, AUROC-0BM 0BUX Cu-
ctema (0,85 1 0,87, pecnekTnBHO) BUNM Cy 3HAYajHO HUKM
of, oHux kopg Tectupanmx Al mogena. OBo oTkpuhe uctude
orpaHvMyeHa CTaTuykmMx cuctema 6odoBana, Koju Moxaa
He oOyxBaTajy y NOTMYHOCTW AMHAMUYKY WU MynTudak-

Marko Kimi Mili¢, S¢epan Sinanovi¢

Predicting Length of Stay

Accurately predicting the length of ICU stay (LOS) is cru-
cial for resource management and planning patient care.
The XGBoost and Random Forest models demonstrated
the best performance in LOS prediction, with mean abso-
lute errors (MAE) of 3.2 and 3.4 days, respectively. DNN
models were moderately accurate (MAE 4.0 days), while
Logistic Regression lagged behind (MAE 4.8 days). The
superior performance of tree-based methods in LOS pre-
diction can be attributed to their ability to model complex
interactions between clinical variables and patient charac-
teristics [5]. These results suggest that Al-driven predic-
tions of LOS can aid in optimizing ICU bed utilization and
discharge planning. Previous studies have also highlighted
the utility of Al models in predicting LOS, particularly when
incorporating dynamic clinical parameters.

Predicting Therapeutic Response

Therapeutic response prediction within the first seven
days of ICU admission was another important aspect of
this study. XGBoost achieved the highest F1-score of 0.81,
followed by Random Forest (0.79) and DNN (0.77). Logis-
tic Regression, with an F1-score of 0.70, again proved less
effective. The higher F1-scores of XGBoost and Random
Forest indicate that these models are better at distinguish-
ing between patients likely to respond to treatment and
those who are not. Early identification of patients with a
favourable prognosis allows for more targeted and efficient
therapeutic interventions, potentially reducing ICU morbid-
ity and mortality [6].

Comparison with Traditional Scoring Systems

Traditional scoring systems like APACHE Il and SOFA have
been widely used for prognostication in ICUs. However, the
AUROCs of these systems (0.85 and 0.87, respectively)
were significantly lower than those of the Al models tested.
This finding highlights the limitations of static scoring sys-
tems, which may not fully capture the dynamic and multi-
factorial nature of critical illness. Al models, on the other
hand, benefit from the integration of diverse data types and
real-time updates, offering more precise and individualized
predictions [7].

Clinical Implications

The implementation of Al models, particularly ensemble
methods, in ICU practice could revolutionize clinical deci-
sion-making by enabling more accurate predictions of mor-
tality, LOS, and therapeutic outcomes. This could facilitate
early identification of high-risk patients and allow for the
optimization of treatment plans, ultimately improving pa-
tient care. However, integrating these models into routine
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TOPCKy npupogy KpuTuuHux 6onectu. Al mogenu, ¢ gpyre
CcTpaHe, UMajy KOpUCTW O MHTerpaumje pasnnuimtux Tuno-
Ba nogataka u axypupara y peanHoMm BpeMeHy, Hyaehu
npeunsHuja n HaMBuayanmsosaHuja npegsuhama [7].

KnuHu4yke nmnnukaumje

MMmnnemeHTaumja mogena BeluTadke uHtenureHumje (Al),
nocebHo aHcambn meToda, y Npakcu jeanHuLe MHTEH3NB-
He Here mMorna 61 peBonyLMOHNCATU KITMHUYKO JOHOLLEHE
ognyka omoryhasajyhu npeunsHuje npegsuhaka mMopTa-
niTeta, NokarnHe rposHuLe u Tepanujckmnx ucxoga. Oso 6u
MO0 OnakwaTtu paHy uaeHTudukauunjy naumjeHata ca
BVCOK/M PU3UKOM U OMOryhuTu ontumusauujy nnaHosa
neyemwa, WTO OU Ha Kpajy noborblwano Hery nauujeHaTa.
MehyTum, nHTerpaumja oBUX mModena y pyTUHCKY npakcy
3axTeBa peluaBake 13a3oBa Be3aHuX 3a UHTerpaumjy no-
Jartaka, MHTepnpeTabunHOCT Mogena v npuxeaTtakbe Of
cTpaHe nekapa. Pa3Boj KopMcHUYKMX MHTEpdejca n 06es-
GehyBame TpaHcnapeHTHOCTU mogerna buhe KbyyHu 3a
yCneLlHo ycBajakbe.

OrpaHunyena

Ynpkoc obGehaBajyhum pesyntatuma, oBa cTyauja mma
HEKONMKO orpaHuyernsa. [pBo, peTpocnekTnBHa npupoaa
aHanuMse MoXe YBEeCTM MPUCTPacHOCTU Yy Be3n ca KBamnu-
TeToM 1 noTtnyHowhy nogataka. Mopen Tora, ctyamja ce
ocrawana Ha nopatke W3 BULIE LieHTapa WHTEH3MBHE
Here, WTO, Mako nosehaBa MoryhHOCT reHepanu3auuje,
MOXe Takofe yBeCTV BapujabUITHOCT y KIMHUYKY NPakcy.
MoTpebHe cy aarbe NpocnekTUBHE CTyauje kako 6u ce no-
TBPOUIM OBU Hanasu u UcTpaxuna uMmnnemeHTaumja mo-
gena npeasuhara 3acHOBaHMX Ha BELUTAYKOj MHTENUMEH-
Uuju y peanHuM ycrioBUMa MHTEH3MBHe Here [7].

Byayhwu npasuu

Bynyha uctpaxuBama Tpebano 6u ga ce gokycupajy Ha
pa3Boj MHTEPNPETabunHUX Moaena BeluTaqyke UHTenureH-
umje Koju ce mory 6ecrnpekopHO MHTErpucaTu y KrmHudKe
TOKOBe papga. LLTaBuwe, npocnekTMBHa Banugauuvja y pa-
3MIMYUTUM 30PABCTBEHUM YCTaHOBaMa je HEOMXo4Ha Kako
Ou ce ocurypana pobyCHOCT 1 reHepanuaauuja mogena.
Mopepn Tora, ncTpaxusawe Mogena cneumpuyHnx 3a na-
LMjeHTa Koju ce npunarohaeajy vHaAnBMOyanHum npodcu-
nMma puauka morno 6m gogatHo noborbliatv TavyHoCT
npeasuharwba 1 KNMHUYKY KOPUCHOCT.

OBa cTyguja nokasyje Aa MOAENW BeLUTauYKe UHTENUreHUU-
je, nocebHo XGBoost, 3HavajHo HagMallyjy TpagmumuoHar-
He cucteme 6ogoBana y npeasuhary MopTanuTeTa, no-
KanHe MHdeKUMje 1 Tepanunjckor oAroBopa Ha MHTEH3NBHO]
He3n Ko nauujeHaTta ca Telkum 6akTepujckum MHeKLn-
jama. MIHTerpaumja TakBux mogena y KnnmHUYKy npakcy uma

practice requires addressing challenges related to data in-
tegration, model interpretability, and clinician acceptance.
Developing user-friendly interfaces and ensuring model
transparency will be crucial for successful adoption.

Limitations

Despite the promising results, this study has several limita-
tions. Firstly, the retrospective nature of the analysis may
introduce biases related to data quality and completeness.
Additionally, the study relied on data from multiple ICU
centres, which, while increasing generalizability, may also
introduce variability in clinical practices. Further prospec-
tive studies are necessary to validate these findings and
explore the implementation of Al-based prediction models
in real-world ICU settings [7].

Future Directions

Future research should focus on developing interpretable
Al models that can be seamlessly integrated into clini-
cal workflows. Moreover, prospective validation across
diverse healthcare settings is essential to ensure the ro-
bustness and generalizability of the models. Additionally,
investigating patient-specific models that adapt to individ-
ual risk profiles could further enhance prediction accuracy
and clinical utility.

This study demonstrates that Al models, particularly XG-
Boost, significantly outperform traditional scoring systems
in predicting ICU mortality, LOS, and therapeutic response
in patients with severe bacterial infections. The integration
of such models into clinical practice holds the potential to
improve patient outcomes through early risk stratification
and personalized therapeutic planning. Continued re-
search is needed to address the challenges of model im-
plementation and validation in diverse ICU environments.

Conclusion

This study demonstrates the potential of artificial intelli-
gence (Al) models, particularly ensemble methods like
XGBoost and Random Forest, in predicting outcomes
among patients with severe bacterial infections admitted
to intensive care units (ICUs). The primary objective was
to assess whether Al-based models could outperform tra-
ditional scoring systems such as APACHE Il and SOFA in
predicting mortality, length of stay (LOS), and therapeutic
response. The results strongly support this hypothesis, as
Al models consistently showed superior predictive perfor-
mance.

Key Findings

The XGBoost model demonstrated the highest accura-
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noTeHuujan ga noborbla ncxode nauuwjeHara Kpo3 paHy
cTpatndukaumjy pusmka n nepcoHann3oBaHoO Tepanmjcko
nnaHupawe. NoTpebHa Ccy KOHTUHyMpaHa WCTpaxuBara
Kako 61 ce pelumnn 13asoBu MMMNIEeMeHTauuje u Banu-
Jauvje mogena y pasfiMiuTuUM OKpyXersMMa UHTEH3MBHE
Here.

3akrby4ak

OBa cTyauja gemoHcTpupa noTeHumjan Mogena Belutay-
ke uHTenureHumje (BW), nocebHo aHcambn meToga no-
nyt XGBoost n Random Forest, y npegsuhamy ncxoaa
KOO MauujeHaTta ca Telkum GakTepujckum mHdekumnjama
NPUMIbEHUX Ha oferbera UHTeH3nBHe Here (OUH). MNpu-
MapH¥ uuib je 6o oa ce NpoueHu ga nv MoZenu 3acHo-
BaHu Ha BV mory ga Hagmalle TpaguumMoHanHe cucteme
boposata kao wto cy APACHE Il n SOFA y npeasuha-
by MopTanuTeTa, AyxuHe bopaska (LOS) n Tepanujckor
ogroBopa. PesynTtatu CHaXXHO MOApXKaBajy OBY XUMOTesy,
jep cy mogenu BN KOHCTaHTHO nokasvBanu cynepuopHe
NpeanKTUBHE nepdopmaHce.

Krby4Hu Hanasu

Mogen XGBoost je noka3ao Hajsehy Ta4HOCT y npensuha-
by MopTanuTeTa, nocturaBwmn AUROC og 0,93, 3HavajHO
Hagmallyjyhy KOHBEHUMOHanHe cucteme 6ogoBara. OBa
NPeAHOCT ce Npunucyje cnocobHOCTU Moaena Aa nHTerpum-
e pasnuuuTe KnMHUYKe 1 nabopartopujcke Bapujabne,
xBaTajyhn crnoxeHe WHTepakuuje Koje TpaguumoHasnHe
MeToae vecto npesuhajy. Mogen Random Forest je Tako-
He nokasao pobycHe nepdgopmaHce ca AUROC op 0,91,
nctmdyhn edmkacHocT MeTofa aHcambna 3aCHOBaHUX Ha
OpBeTy. HacynpoT Tome, norncrtuyka perpecuja, Koja ce
YeCTO KOPUCTM Kao OCHOBA, MoKasana je HajHUXKy Ta4yHOCT,
LITO ogpaxkaBa HEeH OrpaHMyeHn KanaumuTeT 3a Mogenupa-
e HenMHeapHMX O4HOCAa CBOjCTBEHMX Nogauuma ca WH-
TEH3VBHE Here.

AHanusa BaXHOCTM KapakTepucTuKa rnokasana je ga cy
crapoct, SOFA ckop 1 HMBO nakTata 6unu HajytTuuajHu-
v npeguktopyn MopTtanuTeta. OBM Hanasu ce noknanajy
ca yTBpHEeHUM KINMHUYKUM 3HakeM, jep cy Beha ctapocT
n Behn ckopoBu TexuHe Bonectn Jobpo AOKYMEHTOBaHU
drakTopu pu3anka y MHTEH3UBHOj He3w. [Nopen Tora, Mapke-
pu nHdnamauunje nonyt CRP 1 npokanuMToHUHA naeHTu-
dUKOBaHU Cy Kao 3HavajHW NpegukTopu, LITO Harmnallasa
ynory cuctemcke ynane y oapehusary ncxoga naumjeHarta.

LUto ce tnye npeasuhawa LOS-a, XGBoost u Random
Forest mogenu cy NOHOBO Mokasanu cynepuopHy Ta4yHOCT
y nopehewy ca DNN-om u Jlornctnukom perpecujom, ca
cpegtbmm anconytHuMm rpewkama (MAE) og 3,2 un 3,4
naHa, pecnektuBHo. OBO cyrepvile ga cy aHcambn meto-
Oe nocebHO BelTe y XBaTaky BapujabUIHOCTN NOBE3aHe
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cy for mortality prediction, achieving an AUROC of 0.93,
significantly outperforming conventional scoring systems.
This advantage is attributed to the model’s ability to inte-
grate diverse clinical and laboratory variables, capturing
complex interactions that traditional methods often over-
look. Random Forest also showed robust performance with
an AUROC of 0.91, highlighting the efficacy of tree-based
ensemble methods. In contrast, Logistic Regression, often
used as a baseline, showed the lowest accuracy, reflecting
its limited capacity to model nonlinear relationships inher-
ent in ICU data.

Feature importance analysis revealed that age, SOFA
score, and lactate level were the most influential predictors
of mortality. These findings align with established clinical
knowledge, as older age and higher severity scores are
well-documented risk factors in critical care. Additionally,
inflammatory markers such as CRP and procalcitonin were
identified as significant predictors, underscoring the role of
systemic inflammation in determining patient outcomes.

In terms of predicting LOS, XGBoost and Random Forest
models again demonstrated superior accuracy compared
to DNN and Logistic Regression, with mean absolute er-
rors (MAE) of 3.2 and 3.4 days, respectively. This suggests
that ensemble methods are particularly adept at capturing
the variability associated with recovery trajectories in criti-
cally ill patients. Furthermore, the prediction of therapeutic
response within the first seven days showed that XGBoost
achieved the highest F1-score (0.81), reinforcing the mod-
el’s utility in identifying patients likely to benefit from early
interventions.

Clinical Implications

The integration of Al-based predictive models into ICU
practice could substantially enhance clinical decision-mak-
ing. By accurately identifying high-risk patients and predict-
ing therapeutic responses, healthcare providers can tailor
interventions more effectively, potentially reducing mor-
bidity and mortality. Additionally, reliable LOS predictions
could improve resource allocation, optimizing ICU bed utili-
zation and discharge planning. However, translating these
models into routine practice requires addressing challeng-
es related to data integration, model interpretability, and
clinician acceptance. Developing user-friendly interfaces
and providing education on Al model usage are essential
steps to ensure successful implementation.

Limitations and Future Directions

Despite the promising results, several limitations must be
acknowledged. The study’s retrospective design introduces
inherent biases related to data quality and completeness.
Moreover, the variability between ICU centres might affect
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ca nyTakama ornopaBKa Kof KpUTUYHO GonecHux nauu-
jenara. LTaBuwe, npegsuhare Tepanujckor ogrosopa y
npBuX cefam AaHa nokasano je aa je XGBoost nocturao
Hajsmwm F1-ckop (0,81), nojayaBajyhun kopucHoCT Mogena
Yy ngeHTudukaumju naumjeHaTa koju he sepoBaTtHO MmaTtu
KOPUCTW Off paHUX MHTepBEHLMUja.

KnunHnyke nmnnukauuje

WHTerpaumja npeaukTUBHMX Moferna 3acHOBaHUX Ha Be-
LUTAYKOj MHTENUIreHUMjn y Npakcy oferbeta MHTEH3VBHEe
Here morna 6y 3Ha4vajHo NoBosbLIATU KMMHUYKO AOHOLLEe-
e oanyka. NpeunsHum naeHTUdrKoBaeM nauujeHarta
BMCOKOI pu3nKa 1 npeasuhamem Tepanmnjckux ogrosopa,
30paBCTBEHN pagHuUM MoOry edmKacHuje npunaroguTtu
WHTepBeHUMje, NoTeHumnjanHo cMamyjyhu mopbugutet wm
mopTanuTeT. [Nopea Tora, noysgaHa npegsuhama LOS-a
morna 6u nobGosbluiati pacnogeny pecypca, onTUMmnsyjy-
hun nckopumwheHoCT KpeBeTa Ha MHTEH3VMBHO] He3W W1 nna-
Hupake otnycTta. Mehytum, npesoherwe oBMX mMoaena y
PYTVHCKY Mpakcy 3axTeBa peluaBare M3a30Ba Be3aHuX
3a UHTerpauvjy nogaraka, MHTepnpeTabunHocT mogena u
npuxeatake of cTpaHe rnekapa. PasBoj KOPUCHUYKUX WH-
Tepdejca 1 npyxawe egykaumje o kopvwhewy mogena
BeLUTayKe MHTENUreHumje cy HeomnxoaHn Kopauu 3a ocury-
paBake ycneluHe nMmnnemeHTaumje.

OrpaHuyera n 6yayhu npasum

Ynpkoc obehaajyhum pesyntatMma, Mopa ce npusHaTu
HEKONNKO OorpaHuyerba. PeTpocnekTMBHM AOu3ajH cTyauje
YyBOOW MHXEPEHTHE NPUCTPacHOCTN BE3aHe 3a KBarnuTeT U
noTnyHocT nogartaka. LUtaBuwe, BapujabunHocTt namehy
LeHTapa MHTEH3UBHE Here MoXe yTuuaTu Ha reHepanunsa-
unjy mogena. MNMoTtpebHe cy NpocneKkTMBHE MYNTULEHTPUY-
He CTyauje Kako 6y ce NOTBpPAMIM OBW Hanasu U NpoLueHu-
na NpMMEHSBUBOCT Y CTBaApHOM CBeTY. lNopen Tora, pasBoj
WHTEepNpeTabunHnjux Mogena BeluTayke WHTenureHuwmje
Koju ce GecnpekopHO WHTerpuwy ca nocTtojehum enek-
TPOHCKMM 3apaBcTBeHMM KapToHuMa (E3K) 6uhe krbydaH
3a CcTuuare noBepera fekapa u noactuuake LUMpPOKor
yCBajaha.

Byayha uctpaxusara Tpebano 6u ga ce dokycupajy Ha
noborbLuake TpaHCNapeHTHOCTU MOAEeNa U UCTPaxnBahe
aganTUBHUX anropyTama cneunguyHmx 3a naumjeHTa, Koju
C€e KOHTMHYMPAHO aXKypupajy Kako HOBU KITMHWUYKX NogaLm
nocTajy AOCTYNHW. YKIby4nBare TOKOBa nogaraka y pear-
HOM BPEMEHY Yy CUCTEME 3a NOAPLLKY OAMyYMBary BoheHe
BELUTAYKOM MHTENUreHumjoM Morno 6u gogatHo nosehatu
HMXOBY KMMHUYKY KopucHOCT. LTaBuwe, uctpaxueane
XMOpMOHNX mModerna Koju KOMOWHYjy MaLLMHCKO y4yere ca
TpagvuMoHanHUM cuctemmma 6ogoBaka MOXE gaTu joLl
TayHuja npensuhamsa.

the generalizability of the models. Prospective multicentre
studies are needed to validate these findings and assess
real-world applicability. Additionally, developing more inter-
pretable Al models that integrate seamlessly with existing
electronic health records (EHRSs) will be crucial for gaining
clinician trust and fostering widespread adoption.

Future research should focus on enhancing model trans-
parency and investigating patient-specific adaptive algo-
rithms that continuously update as new clinical data be-
come available. Incorporating real-time data streams into
Al-driven decision support systems could further increase
their clinical utility. Moreover, exploring hybrid models that
combine machine learning with traditional scoring systems
may yield even more accurate predictions.

Final Remarks

This study highlights the significant potential of Al-driven
predictive models to improve patient outcomes in critical
care settings. By leveraging the strengths of ensemble
learning methods, healthcare professionals can make
more informed decisions, leading to better patient man-
agement and resource optimization. As Al continues to
evolve, its integration into intensive care practices holds
the promise of transforming patient care, but it must be
approached with careful validation and consideration of
ethical and practical challenges.
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3aBpLuHe HanomeHe

OBa cTyauja uctuye 3HavajaH noTeHumjan NpeguKTUBHUX
mMofena BoheHUX BeLTaykoM MHTENUreHLmjoM 3a noborss-
lWwake ucxoga naumjeHata y ycTaHOBaMa MWHTEH3UBHE
Here. KopuwherweM npegHOCTU MeTofa aHcaMOI yyeka,
30paBCTBEHN pafHULM MOTYy AOHOCUTU MHOpMUCaHUje
oanyke, WTo foBoau Ao borber ynpasrbaka nauyjeHtuma
1 ontTummnsaumje pecypca. Kako ce Belltayka MHTeNUreH-
LUMja HacTaBrba pasBujaTu, HeHa MHTerpauunja y npakce
WHTEH3VBHe Here obehaBa TpaHcdopMaLmjy Here nauuje-
HaTa, anu joj ce Mopa NPUCTYNUTX Y3 NaXIbMBy Banuaaum-
jy ¥ pasamatpare eTUYKNX 1 NPakTU4YHUX n3a3oBsa.
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