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CaxeTak

OBa cTyauja uctpaxyje npuMeHy NPeguKTUBHUX MOAena MalLMHCKOr
yyersa y NepcoHan1M3oBaHoj MeanLUMHN kopulheremM noaaTtaka u3 enek-
TPOHCKMX 3apaBcTBeHux kapToHa (EHR). Linre uctpaxusamna je eBanya-
uuja pasnuunTnx anropMtamMa y npeavKumjn KMIMHUYKMX ucxona v MoeHTu-
dvKaumjn pusnyHMX naumjeHara. PeTpocnekTvBHa aHanusa nogaraka u3s
EHR cuctema cnpoBegeHa je Ha y3opky og 1000 naumjeHaTa. KopuwheHu
Cy anroputMmu noructuyke perpecuvje, Random Forest n XGBoost. Nep-
dopmaHce mogena npouereHe cy nytem metpuka AUC-ROC, npeuu-
3HOCTW, oceTIbUBOCTU U F1-score. XGBoost Mmofien je nokasao HajBuLly
TayHocT (AUC-ROC = 0,88), fok je noructuyka perpecuja umana HajHu-
Xy npeauktmeHy moh (AUC-ROC = 0,78). UmnnemeHnTauwnja Explainable
Al metoga (SHAP ananusa) omoryhuna je 6orbe pasymeBare Kiby4HUX
dakTopa pusmka. Pesyntatu notephyjy noTeHUMjan MaLUMHCKOr y4yewa
y NepcoHanv3oBaHOj MeAULMHW, anu ykasyjy Ha usa3oBe MHTepnpeTa-
6unHocTn mogena n notpeby 3a ekctepHoM Banuaaumjom. OrpaHuyera
YKIbY4yjy PETPOCMEKTUBHY NpMpoay nodaTtaka u eTuyke acnekTte npuve-
He Al y 3gpaBctBy. OBa cTyauja noTephyje Aa Cy NpeavKTUBHU Mogenmu
3acHoBaHu Ha EHR kopucHu 3a ngeHTudurkaumjy pusmiyHux naumjeHara u
onTUMM3auujy Tepanujckux ctpatervja. [Jarbe uctpaxuBame je norpet-
HO 3a HUXOBY NYHY MHTErpauujy y KNMHUYKY Npakcy.

Krby4yHe peum: nepcoHannsoBaHa MeauuuHa, ernekTpoH-
CKM 30paBCTBEHN KAPTOHM, MALLUNHCKO YYeH-e, NpeaukTmB-
HU mogenu, Al y meanumnHm

YBopg,

lNepcoHanu3oBaHa MeauuuHa nMpeAacTaB/ba jedaH of
KIby4HMX MpaBala pa3Boja CaBpeMeHe 30paBCTBEHE 3a-
WTMTEe. YMECTO TpaauuMOHanHOr npuctyna y Kojem ce
Tepanujcke ogslyke OHOCE Ha OCHOBY OMLWITUX CMepHMLA
3aCHOBaHMX Ha NomnynaunoHuM cTygujama, nepcoHanmao-
BaHa MeauuMHa Texu ga omoryhu nHanBuMayanusoBaHy
Tepanujy npunaroheHy cneunuiHuM Kapaktepuctukama
naumjeHTa. OBaj NpUCTyN Cce 3acHMBa Ha MHTErpauuju Knu-
HUYKUX, TEeHETCKNX, BuxejBnopanHmnx n Apyrux perneBaHT-
HMX nogaTtaka Kako 6u ce onTMMM3oBanu AnjarHOCTUYKN U
Tepanujcku npolecu, Yume ce nobdorbliaBa edPUKacHOCT
neyera 1 CMakbyje pU3NK of HexerbeHux edekaTta.

Abstract

This study explores the application of predictive machine learning mod-
els in personalized medicine using data from electronic health records
(EHR). The purpose of this research was to evaluate different algorithms
in predicting clinical outcomes and identifying at-risk patients. Retrospec-
tive analysis of EHR data was conducted on a sample of 1000 patients.
Logistic regression algorithms, Random Forest and XGBoost were used.
Model performance was assessed using AUC-ROC metrics, precision,
sensitivity and F1-score. XGBoost model showed the highest accuracy
(AUC-ROC = 0.88), while the logistic regression had the lowest predic-
tive power (AUC-ROC = 0.78). The implementation of the Explainable Al
methods (SHAP analysis) allowed for a better understanding of key risk
factors. The results confirmed the potential use of machine learning in
personalized medicine, but also indicated the challenges of model inter-
pretation and the need for external validation. The limitations include the
retrospective nature of the data as well as the ethical aspects of using
Al in healthcare. This study confirms the usefulness of EHR-based pre-
dictive models for identifying at-risk patients and optimizing therapeutic
strategies. Further research is needed for their full integration into clinical
practice.

Keywords: Personalized medicine, electronic health re-
cords, machine learning, predictive models, Al in medicine

Introduction

Personalized medicine is one of key directions of modern
healthcare development. Instead of a traditional approach
in which treatment decisions are made using general
guidelines based on population studies, personalized med-
icine strives to provide individualized therapy tailored to the
patient’s specific characteristics. This approach is based
on the integration of clinical, genetic, behavioural and oth-
er relevant data to optimize diagnostic and treatment pro-
cesses, improving treatment efficiency and reducing the
risk of adverse effects.

The development of electronic health records (EHR) has
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Pa3Boj eneKkTpoHCKuX 3gpaBcTBeHNX kaptoHa (EHR) omo-
ryhno je npukynrbawe 1 aHanuay Benuke KonvynHe nopa-
Taka o naumjeHTMMa, Yume ce oteapa MoryhHocT npumeHe
HanpegHWX aHanUTUYKMX MeTOAa 3a NpeauKuunjy KuHUY-
Kux ucxopa. MHTerpaumja MalUMHCKOT yYera 1 BeluTadke
nHTenureHumje y obpaagy EHR nogataka omoryhasa naes-
TudmKauujy cKkpuBeHux obpasaua Koju Mory yHanpeamTtu
OOHOLWEeHe MEeAMLMHCKMX oaslyka v AONPUHETU NepcoHa-
nu3oBaHOM Neyewy nauuvjeHara [1].

EnexkTpoHCKM 3OpaBCTBEHN KApPTOHM MNPEACTaBIbajy LEeH-
Tpanu3oBaHy 0a3y nogartaka y Kojoj Cy cafpXaHe KrbyuyHe
WHopMaumje O naumjeHTy, yKrbyyyjyhum aHamHesy, na-
OopaTopujcke Hanase, nogaTke O Tepanuju, PagvorioLlKe
CHVMKe, coumoagemorpadcke aktope v apyre peneBaHTHe
knuHudke nHdopmaumje. MNMpegHoctn EHR cuctema cy Bu-
LecTpyke — oHmM omoryhaBajy AyropodHy aHanmsy 3npas-
CTBEHOr CTaka nauuvjeHTa, ofnakwasajy pasMmeHy nHopma-
umnja Mmehy MeguumMHCKMM yCTaHoBama W Mpyxajy OCHOBY 3a
pa3Boj NpPeavKTUBHUX anroputama Koju Mory yHanpegutu
MeaMLUMHCKY npakcy [2].

lMpumeHa malumHckor yyewa y aHanusn EHR nopataka
omoryhasa pa3Boj NpeavKTUBHUX MoAena Koju Mory yHa-
npeouTyn naeHtTudmrkaumjy pusanyHnx naumjeHara, noboso-
waTtm cTpatudumkaumjy 6onectm n onTMMmM3oBaTu Tepanmj-
cke cTpatervje. OB1 MoAenu Mory, Ha npumep, NpeaBuaeTm
BepoBaTHONy pa3Boja Komnnukaumja kop naumjeHarta ca
XPOHWYHMM Bonectuma, naeHTUUKOBATU paHe 3HaKoBe
noropLuara 34paBCTBEHOr CTaka UIM NPEANOXUTN ONTK-
MarHe Tepanmjcke onumje Ha OCHOBY MPETXOOHUX KIMHNY-
Knx ncxoga [3].

Mako npumeHa npeaukTMBHUX Mogdena y MeauumHu SOHO-
CW 3Ha4vajHe KopucTu, nocToje 6pojHM n3a3oBKM Koju orpa-
HU4YaBajy HUXOBY LUMPOKY MMMMAEMEHTALUM])y Y KIUHUYKO]
npakcu. JegaH oA rmaBHMX Npobnema ogHoCK ce Ha KBanu-
TeT u cTaHgapausaumjy nogataka y EHR cuctemuma. Me-
OMUMHCKX NoJaum YecTo Caapxe rpeLuke, HegocneqHocTu
M HegocTaTKe KOoju MOry HeraTMBHO yTULATU Ha nepdop-
MaHce NpeauKTUBHUX anroputama. [Nopen Tora, pasnuyn-
TV 3[4paBCTBEHM CUCTEMMU KOPUCTE XeTeporeHe opmarte
nogaraka, WTO AOAATHO OTEeXaBa HMXOBY MHTErpauujy u
aHanuay [4].

Jow jegaH BaaH M3a30B MpencTaBriba MHTepnpeTabun-
HOCT Mofena MalUMHCKOr yyewa. Mako croxeHu anro-
pUTMU MOry reHepucaTtu npeunsHe npeavkumje, huxosa
»=LpHa KyTuja” npupoaa 4yecto oHemoryhasa MeguuUmMHCKUM
npodecunoHanuuma aa pasyMejy Ha Koju HauvMH Jonasmu o
JoHolena oanyka. Hegoctatak TpaHCNapeHTHOCTU MOXe
[0BECTU 40 HeMnoBepeHa U orpaHu4eHe npMMeHe OBUX Cu-
cTemMa y KnunHMYKoj npakcu [5].

allowed for the collection and analysis of large quantities
of patient data, introducing the possibility of applying ad-
vanced analytical methods for the prediction of clinical
outcomes. The integration of machine learning and artifi-
cial intelligence into EHR data processing enables identi-
fication of hidden patterns that can improve medical deci-
sion-making and contribute to the personalized treatment
of patients [1].

Electronic health records represent a centralized database
containing key patient information, including family history,
laboratory tests, treatment data, radiological imaging, so-
cial-demographic factors and other relevant clinical infor-
mation. There are multiple advantages of an EHR system
— they allow for a long-term analysis of the patient’s health
status, facilitate the exchange of information among med-
ical institutions, and provide a basis for the development
of predictive algorithms that can advance medical practice

2.

The use of machine learning in EHR data analysis allows
for the development of predictive models that can improve
the identification of at-risk patients, improve disease strat-
ification and optimize therapeutic strategies. For example,
these models can predict the likelihood of complications
developing in patients with chronic diseases, identify ear-
ly signs of health status deterioration or suggest optimal
treatment options based on previous clinical outcomes [3].

Even though predictive model use in medicine comes with
significant benefits, there are numerous challenges that
limit their broad implementation in clinical practice. One of
the main problems pertains to the quality and standardiza-
tion of data in EHR systems. Medical records often contain
errors, inconsistencies, and deficiencies that can adverse-
ly affect the performance of predictive algorithms. In addi-
tion, different healthcare systems use heterogeneous data
formats, which further complicates their integration and
analysis [4].

Another important challenge is machine learning model
interpretability. Even though complex algorithms can gen-
erate precise predictions, their “black box” nature often
makes it impossible for the medical professionals to un-
derstand how the decisions are being made. Lack of trans-
parency can lead to a lack of trust and limited use of these
systems in clinical practice [5].

Regulatory and ethical aspects also play a key role in de-
veloping and implementing predictive models in medicine.
The use of vast quantities of healthcare data requires
strong measures of patient privacy protection and compli-
ance with healthcare legislation, such as GDPR and HI-
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PerynatopHu n eTuykn acnektun Takohe nrpajy Kiby4Hy yno-
ry y passojy 1 umnnemMeHTaumju npeamkTMBHUX Moaena y
MeauumHu. Kopuiwhere BENUKNX KONMMYNHA 30paBCTBEHNX
nogaraka 3axTeBa CTpore Mepe 3alTuTe MpuUBaTHOCTU
nauujeHarta 1 ycknafheHOCT ca 3aKOHCKMM perynatusama,
kao wTto cy GDPR u HIPAA ctaHgapam [6].

Linrs oBor nctpaxusara je pasBoj U eBanyauuvja npegmk-
TMBHMX MOAena 3acHOBaHMX Ha nojauvmMma W3 eneKkTpoH-
CKMX 3[paBCTBEHUX KapTOHa, ca poKycoM Ha yHarnpehene
nepcoHanusoBaHe MeauuuHcke Here. lNMocebHa naxHa
6uhe noceeheHa Ta4HOCTU anropuTama, MHTepnpeTabur-
HOCTM Mofena, naeHTudukaumjn Krey4Hnx goaktopa ycne-
Xa, KBanuTeTy nogartaka v eTM4KMM M3asoBrMa.

MeTone
Ou3ajH nctpaxnBamwa

OBO uCTpaxuBake je Au3ajHMpaHO Kao PeTpoCrnekTUBHa
aHanuaa nogataka u3 eneKkTPOHCKMX 30paBCTBEHNX KapTo-
Ha (EHR) kako ©6u ce passunu 1 eBanympanv npeankTmB-
HW MOAENu 3a nepcoHanun3oBaHy MeauunHy. Kopuwhenn
nogaum obyxeaTtajy KnMHUYKe UHopmMaumje NpukynibeHe
Yy 30paBCTBEHUM yCTaHOBaMa TOKOM MPETXOL4HMUX MET ro-
AnHa. s aHanuse je ga ce naeHTUgUKyjy KibyydHM 00-
pacum 1 bakTopu pmuamka Koju yTudy Ha KNMHUYKE Ucxone
naumjeHara, kopuctehu metoge MalLUMHCKOr yyera [1, 2].

Mpuctyn nctpaxueaky 6a3npaH je Ha KoOMOGMHaUMju KBaH-
TMTaTuBHe 00paje nopataka M HanpegHUx aHanMTUYKUX
TexHvka. [pegsuheHe aHanu3e obyxsaTajy NpuUMeHy pa-
3MMYUTUX anropMTama MaLLMHCKOT yYeHa kako bu ce yTBp-
avna wuxosa edUKacHOCT y npeasuhamy 34paBCTBEHMX
ncxopa [3, 4]. Y3 1o, BpLIM Ce npoueHa MHTeprnpeTabunHo-
CTW Mofena Kako 6y ce ocurypano a cy huxoBu pesynTta-
TV MPUMEHIBUBK Y KIMHUYKO] Npakcy [5].

U3Bopu nopaTtaka

Mogaum kopuwheHn y oBoM UCTpaxunsamwy gonase n3 EHR
cYcTeMa HeKONuMKO 3apaBCTBeHMX ycTaHoBa. OBM nogaum
YKIbYuyjy:
»  [emorpadcke nHgpopmaumje (CtapocT, nos,
TenecHa Maca, BUCKHA, XMBOTHE HaBKKE).
*  Knununuke nogatke (amjarHose, nabopatopujcku

pesynTaTtu, Tepanujckn pexxmMMmm, MeauumMHcke
NHTepBeHuuje) [6].

» [logatke 0 neyewy (BpCTe Tepanuja, 04roBOpU Ha
Tepanujy, Hycrnojase).

» [lopaTtke o0 ncxoguma (xocnutanusaumje, CMPTHOCT,
nporpecuja 6onectn) [7].

PAA standards [6].

The purpose of this research was to develop and evalu-
ate predictive models based on digital healthcare records
data, focusing on the improvement of personalized health-
care. Special attention shall be paid to algorithm accuracy,
model interpretability, identification of key success factors,
data quality and ethical challenges.

Methods
Study design

This research was designed as a retrospective study of
data from electronic health records (EHR), with a view to
develop and evaluate predictive models for personalized
medicine. The data used encompass clinical information
collected by healthcare institutions over the last five years.
The objective was to identify key patterns and risk factors
that impact clinical outcomes in patients, using machine
learning methods [1, 2].

The methodology was based in a combination of quantita-
tive data processing and advanced analytical techniques.
The foreseen analyses examine the use of different ma-
chine learning algorithms to determine their efficiency in
predicting health outcomes [3, 4]. At that, the models are
assessed for interpretability to ensure that their results are
applicable in clinical practice [5].

Sources of data

The data used in this study come from EHR systems of
several healthcare institutions. These data include:

+ Demographic data (age, sex, body weight, height,
lifestyle);

* Clinical data (diagnoses, laboratory test results,
treatment regimes, medical interventions) [6];

* Treatment data (types of treatment, treatment re-
sponses, adverse reactions);

*  Outcome data (hospitalization, mortality, disease
progression) [7].

Inclusion criteria encompassed the availability of a com-
plete data set, while patients with incomplete or inconsis-
tent records were excluded from the study to minimize po-
tential systemic errors [8].

Clinical outcome description

The main outcome that the models were predicting was the
presence of a chronic non-communicable disease defined
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Kputepujymm 3a ykrbyuene naumjeHarta y aHanuay nogpa-
3ymMeBajy AOCTYMHOCT KOMMIIETHOT CKyna nogartaka, 4ok Cy
naumnjeHTn ca HEenoTNyHUM WM HEKOH3UCTEHTHUM noaa-
LMMa UCKIbYYeHU n3 cTyamje Kako 6u ce MuHMMmnsnpana
MOryRHOCT cUCTEMCKUX rpeLuaka [8].

Onuc KNUHUYKNX ncxoga

MmaBHM ncxop Koju cy mogenu npeasuhanu 6uo je npu-
CYCTBO XPOHW4YHE He3apasHe Bonectn gedurHUCaHO Kao
nocTojare HajMawe jeaHe of cnegehux avjarHosa: apTe-
pujcka xunepTeHaunja, gujabetec Tvna 2, UM KOpoHapHa
bonecr. lNaunjeHTn cy nogerbeHun y ABe Kateropuje:

« [MpwucyTaH ucxon” — gujarHocTmMkoBaHa bonect

+ ,Henoctojehu ncxon” — 6e3 anjarHo3e HaBegeHMX
oonecTtu.

Tabena 1. YyectanocTt kateropuja ncxoga

KaTteropuja knuHun4kor ucxoaa
Clinical outcome category

MpucyTtaH ncxopn (6onecr)
Outcome (disease) present

Henoctojehu ucxop (6e3 6onectu)
Outcome not present (no disease)

YKynHo
Total

TexHuKe npeTnpouecupara nogaraka

lMpe Hero wWTo cy nogaun kopuwheHn 3a uarpagmwy npe-
OWKTUBHMX MoOAena, NpUMeHseHe Cy pasnuunte TexHUKe
obpage nopgartaka kako 6u ce obesbeamna wuxoBa Tau-
HOCT 1 gocrnegHoctT. lNMpBo je n3BpLueHo Ynwherwe nogarta-
Ka Koje je obyxBaTuno enuMuUHauujy gynnvkara, nonyka-
Bake HepocTajyhux BpeaHOCT KopuhewemM nMnyTamje
3aCHOBaHe Ha CTaTUCTUYKMM MEeTodama, Kao M yKrnakare
HenpasurHux yHoca [9]. 3atnm cy cnpoBeaeHe HopManum-
3aumja U cTaHgapav3aumja KNMHUYKMX NapameTtapa Kako
Oun ce ocurypana KOH3UCTEHTHOCT nofaTtaka y pasnuuu-
TMM ckanama. KarteropwjanHu nogauw, nonyT AujarHosa
1 MHopMaumja o Tepanmjama, KOHBEPTOBaHU Cy Yy HyMe-
puukn opmaTt Kopuwherwem MeToga kogupawa, Yme je
omoryheHa wuxoBa edukacHuja aHanusa [10]. Ha kpajy,
pagn u3beraBakba npobnema HeypaBHOTEXEHMX Krnaca
KOju MOXe HeraTMBHO yTuLaTK Ha nepdopmaHce mogena,
npumenseHa je TexHuka SMOTE (Synthetic Minority Over-
sampling Technique) 3a ypaBHOTEXeH€ AUCTPUBYLMje no-
nataka [11].

Pa3Boj npeaAUKTUBHUX Moaena

Y oBom NCTpaXxneamwy KOpI/ILLIheHI/I cy cnegehun anropnTtMmmn
MaLLUWHCKOr y4eHa 3a n3rpagwy npeanktmuBHnxX moaena:

Marko Kimi Mili¢, S¢epan Sinanovi¢, Tamara Stevanovi¢

as the existence of at least one of the following diagnoses:
arterial hypertension, type 2 diabetes or coronary disease.
The patients were classified in two groups:

*  “Outcome present” — the disease was diagnosed

*  “No outcome present” — the listed diseases were not
diagnosed.

Table 1. Outcome category likelihood

Bpoj nauunjeHaTta Yneo (%)

Number of patients Share (%)
263 26,3%
737 73,7%
1000 100%

Data pre-processing techniques

Before the data was used to build predictive models, dif-
ferent techniques of data processing were applied to en-
sure their accuracy and consistency. First, the data were
cleaned up, meaning that duplicates were eliminated,
missing values were filled in using statistics-based meth-
ods and irregular entries were removed [9]. Clinical pa-
rameters were then normalised and standardised to en-
sure data consistency between different scales. Categoric
data, such as diagnoses and treatment information, were
converted to a numerical format using coding techniques,
which allowed for a more efficient analysis [10]. Finally, to
avoid the issue of imbalanced classes that could have an
adverse effect on model performance, the SMOTE (Syn-
thetic Minority Over-sampling Technique) technique was
used to balance data distribution [11].

Predictive model development

This study used the following machine learning algorithms
to build predictive models:

» Logistic regression — used as a base model for its
interpretability and simplicity [12];

*  Random Forest — a robust model capable of recog-
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» Jloructuuka perpecuja — KopuwheHa kao 6a3Hu
mozen 360r CBoje MHTEPNPETAabUNHOCTU 1
jeoHocTaBHoCTH [12].

*  Random Forest — PobyctaH mogen cnocobaH ga
npeno3Ha HenvHeapHe oaHoce y nogaumma [13].

*  XGBoost — HanpegHvn mogen 3acHOBaH Ha
TexHWKama bycTuHra, No3HaT Mo BMCOKOj TAYHOCTM Y
npeaukumjama [14].

Mogenu cy TpeHupaHu kopuwhewem Train-test split me-
Toae (80%—20%), a -uxoBa TA4YHOCT je eBarnympaHa Kpo3
k-fold cross-validation noctynak [16].

CtaTtnctnyka aHanmsa

3a cTatucTuyky aHanuay nogaraka KopuvwheH je nporpam-
cku jesuk Python (Bep3uja 3.9), y3 bubnmoteke pandas 3a
obpapy nogataka, scikit-learn 3a pa3soj n eBanyauujy npe-
OVKTUBHUX Mogena, XGBoost 3a umnnemeHTauumjy mogena
GasvpaHux Ha rpagujeHTHom OycTuHry n statsmodels 3a
KnacuyHe ctaTtucTudke aHanmse. Busyanusauuja nopa-
Taka usBpLUeHa je kopuwherwem 6ubnuoteka matplotlib n
seaborn.

MpeankTMBHU Moaenu passujeHn cy Kopuwherwem TeXHU-
Ka MaLUMHCKOT y4Yersa Kao LUTO Cy NorucTuyka perpecuja,
Random Forests v rpagvjeHTHO nojayaBawe (gradient
boosting). 3a eBanyauujy mogena kopuwheHe cy CTaH-
hapoHe MeTpuke, yKibydyjyhm npeumsHoCT, OcCeTibu-
BOCT (sensitivity), cneumdwnyHocT (specificity), Ta4HOCT
(accuracy) n AUC-ROC (area under the receiver operating
characteristic curve).

KopuwheHa je kpoc-Banvpauuja (cross-validation) ca 10
npecaBujarwa (folds) kako 6w ce ocurypana reHepanusa-
unja mogena. JopatHo, kopuwheH je SMOTE (Synthetic
Minority Over-sampling Technique) 3a 6anaHcupahe no-
JaTaka y cnyvajeBmma Kaga je 6poj nogaraka 3a Heky kna-
cy 610 3Ha4ajHO MarbuM of ApYruX.

3a Bu3yanusauujy nepgopmaHcu mogerna kopuwheHn cy
anjarpamm kao wTo cy ROC kpuBe u npeunsHo-no3vBHU
(precision-recall) rpadwvuM, OOK Cy WHTEPAKTUBHU Ouja-
rpamu omoryhunu aHanusy BaHOCTW MPEAUKTUBHUX Ka-
paktepucTtuka (feature importance). CBn pesyntatn aHa-
nuMsnpaHu cy kopuwherwem ogroBapajyhmx cTaTMcTUYKMX
TeCTOBa, a HNBOW 3HAYajHOCTU Cy NOcTaBrbeHu Ha p < 0,05.

MeToae eBanyauuje nepdopmaHcu Moaena

Kako 6u ce npoueHnna epmkacHOCT NPeauKTUBHUX Moge-
na, kopuwheHu cy cnegehn METPUYKN NokasaTerby:

nizing non-linear data correlations [13];
*  XGBoost — advanced model based on boosting

techniques, known for its high prediction accuracy
[14].

The models were trained using the Train-test split meth-
od (80%-20%) and their accuracy was evaluated through
k-fold cross-validation method [16].

Statistical analysis

The Python programming language was used for statistical
data analysis (version 3.9), with the libraries pandas for
data processing, scikit-learn for the development and eval-
uation of predictive models, XGBoost for the implementa-
tion of models based on gradient boosting and statsmodels
for classical statistical analyses. Data were visualised us-
ing the libraries matplotlib and seaborn.

Predictive models were developed using machine learn-
ing techniques such as logistic regression, Random For-
ests and gradient boosting. Standard metrics were used to
evaluate the models, including precision, sensitivity, spec-
ificity, accuracy and AUC-ROC (area under the receiver
operating characteristic curve).

Cross-validation with 10 folds was used to ensure model
generalisation. In addition, the SMOTE (Synthetic Minority
Over-sampling Technique) technique was used to balance
data in cases where there were significantly less data for
one class than for others.

To visualize model performance, diagrams such as ROC
curves and precision-recall graphs were used, while inter-
active diagrams allowed for the analysis of feature impor-
tance. All results were analysed using the adequate sta-
tistical tests, with the level of significance set at p < 0.05.

Model performance evaluation methods

To assess efficiency of predictive models, the following
metrics were used:

* AUC-ROC (Area Under Curve — Receiver Operating
Characteristic) — assessment of the model’s ability
to differentiate between positive and negative cases
(17];

*  Precision, recall — measuring accuracy and scope of
the model in recognizing positive cases [18];

*  F1-score — combination of precision and sensitivity
to ensure a balanced insight into model perfor-
mance.

*  SHAP analysis (SHapley Additive exPlanations) —
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* AUC-ROC (Area Under Curve — Receiver Operating
Characteristic) — lNpoueHa cnocobHoCcTM Mogena aa
pa3nuKyje No3nTMBHE 1 HeraTuBHe crydajese [17].

* [MpeuusHocT u ocetrbmBocT (Precision, Re-
call) — Mepetrbe TayHOCTM 1 obyxBaTa mogena y
npeno3HaBaky NO3NTUBHUX cry4vajeBa [18].

*  F1-score — KombuHauwmja npeumnsHocTu u
OCETIBLUBOCTM Kako 6u ce ocurypao 6anaHcupaH
yBug y nepcopmaHce mogena.

»  SHAP ananusa (SHapley Additive exPlanations) —
TexHuka 3a objalwraBare yTuuaja nojeguHayHmx
Bapujabnuv Ha Kpajiby oanyky mogena [19].

Mopen Hymepuyknx nepgopmaHcu, nocebHa naxka no-
cseheHa je HTepnpeTabunHocTn Moaena kako 6u ce ocu-
rypano HMXO0BO NPaKkTU4HO Kopuwhere y MeanLMHCKO]
npakcw [20].

ETnyku n perynatopHu aCnekTu ncTtpaxkuBamwa

Mako je oBO wuCTpaxuBahe CnpoBefeHO Kopulherem
aHOHMMM30BaHMX nogataka n3 EHR cuctema, nocebHa
naxwa je nocseheHa 3alTUTU NPMBATHOCTM MauunjeHara
n ycknaheHocTn ca perynatopHuUm okBupuma. lNprumeHa
MaLUMHCKOr y4era y MeanumHn 3axTeBa ycknafheHocT ca
3aKOHCKUM perynatusama, ykibydyjyhu cnegehe:

« [lpunukom obpage nogataka y OBOM UCTPaXKUBakLY,
nocebHa naxha nocseheHa je ycknaheHoctu ca
perneBaHTHMM NMPaBHUM OKBUPMMA KOju perynuiuy
3awTnTy npuBatHocTu. OnwTa ypenba o 3awTmTu
nogataka (GDPR) obesbehyje 3awtnty nnyHmx
NMHpopMaumja naumjeHata y oksupy EBponcke yHuje
[6], ook 3akoH o 3alWTUTKM NogaTtaka O NIMYHOCTU
npegcTaBiba HauMOHAaIHN NPaBHU OKBUP Koju
aeduHnLe HauymH obpage n YyBaka nogaraka
y 30paBCTBEHUM yCTaHOBaMa. Y KOHTEKCTY
cTaHgapga Koju ce npumenyjy y CjeanweHum
Amepudkum JpxxaBama, MPUMEHEHN CYy MPUHLMMK
HIPAA (Health Insurance Portability and Ac-
countability Act), koju perynuiy CurypHocT n
NoBepIbMBOCT 30paBCTBEHNX HopMauumja [21].

° Cee aHanuse Cy cnpoBegeHe Ha aHOHMMKNU30BaHNM
nogaunma, Ymme cy enMMnHmncaHmn pmnsnum
HeoBnawheHor OTKpuBaka UOEHTUTETA nau,mjeHaTa.

Pe3ynTtatu

Onuc nogataka

Marko Kimi Mili¢, S¢epan Sinanovi¢, Tamara Stevanovi¢

the technique explaining the impact of individual
variables on the model’s final decision [19].

In addition to numerical performance, particular attention
was paid to model interpretability to ensure their practical
application in medical practice [20].

Ethical and regulatory aspects of the study

Despite conducting the research using anonymised data
from the EHR systems, particular attention was paid to
patient privacy protection and regulatory compliance. The
use of machine learning in medicine requires legislative
compliance, including:

*  When processing data within this research, par-
ticular attention was paid to compliance with the
relevant legal framework regulating the protection
of privacy. The General Data Protection Regulation
(GDPR) provides for the protection of the patients’
personal data within the EU [6], while the Law on
the Protection of Personal Data represents the
national legal framework that defines the manner of
data processing and storage in healthcare institu-
tions. In the context of the standards applicable in
the United States of America, the HIPAA (Health In-
surance Portability and Accountability Act) principles
were applied, regulating security and confidentiality
of health information [21].

+ All analyses were conducted using anonymised
data, eliminating the risks of unauthorised identity
disclosure.

Results
Data description
A dataset with 1000 patients was used, with the data col-

lected from electronic health records. Sociodemographic
characteristics of patients are shown in Table 1.

Y aHanuau je kopuwheH ckyn nogartaka ca 1000 nauwuje-
HaTa, NPUKYNibeHNX N3 eNeKTPOHCKNX 30PpaBCTBEHUX Kap-
ToHa. [lemorpadpcke U KNMHUYKE KapaKTEPUCTUKE y3opKa
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npukasaHe cy y Tabenu 1.

Tabena 2. Onuc OCHOBHMX KapakTepucTMKa ckyna noga-
Taka

KapakTtepucTtuka

Mpoce4yHa BpegHocT (SD)

Table 2. Description of the basic dataset properties

Property Mean (SD)

CrapocrT (roguHe)
Age (years)

59,7 (£9,8)

27,1 (£3,9)

KpBHu nputucak (mmHg)

Blood pressure (mmHg) 1293 (#15,6)

XonecTtepon (mg/dL) 198,2 (+29,6)

Cholesterol (mg/dL)

myko3a (mg/dL)

Glucose (mg/aL) 99,6 (214,7)
[ujarHo3a (6onecT) 26.3% nauujeHara
Diagnosis (disease) 7% of patients

BehuHa nauujeHaTta y y3opky cy mywkapun (60%), Aok
npoceYyHa CTapoCT UcnuMTaHuka nsHocu 59,7 roguHa. lNpo-
ceyvHe BpeaHOCTU KPBHOT MpUTMUCKa 1 xonectepona cy 129
mmHg 1 198 mg/dL, WwTo cy KIby4YHM akTopu y npeamk-
umnju obonenux.

Tabena 3. YnopegHu npukas nepdopMaHcu mogena no
MeTpukama

Mogen

MpeuunsHocTt

MepaujaHa
Median

27 53 60 66 98
14,9 24,4 27,0 29,7 39,6

85 119 129 140 188
104,7 179 199,4 218,0 294.,6
57,5 90,1 99,4 109,4 146,7
0% 0% 0% 1% 100%

Men made up the majority of patients in the sample (60%),
while the average age of a subject was 59.7 years. Av-
erage blood pressure and cholesterol values were 129
mmHg and 198 mg/dL, which were key factors in the pre-
diction of disease.

Table 3. Comparative performance review, by metrics

OcetmuBocT (Recall)

Model AUC-ROC Accuracy Sensitivity (Recall) Fi=score
INorucTtunuka perpecuja
Logistic regression 0.78 0,71 0,63 0,67
Random Forest 0,85 0,79 0,76 0,77
HGBoost 0,88 0,83 0,81 0,82

HanomeHna: Pesyntatm cy pgobujeHn nomohy 710-fold
Kpoc-Banugauuje y3 nperxogHy npumeHy SMOTE TexHuke
3a banaHcuparbe knaca.

Ocum AUC-ROC, y Tabenu 3 npukasaHe Cy U BpeaHOCTU
NPeLmn3HOCTH, oceTrbMBOCTU U F1-score 3a cBaku of Mo-
nena. XGBoost je noka3ao Hajborbe pesynrate y CBUM Me-
Tpykama, noTephyjyhu keroBy pobyCcHOCT U NPUMEHUBOCT
y NpeanKumnju KNMHUYKOT NCXoaa.

MNepdopmaHce npegUKTUBHUX Mogena

M3BpLueHa je npoueHa Ta4HOCTM Mofena NormcTudke pe-
rpecvje, Random Forest-a n XGBoost-a. maBHu noka-
3aTerb ycnewHoctn mogena je AUC-ROC meTpuka, yvunje
BPEAHOCTM Cy NpuKasaHe y Tabenu 2.

XGBoost mogen je nokasao Hajsehy TauHocT (AUC-ROC
= 0,88), gok je norMcTuYka perpecuja umarna HajHuxy npe-
avktueHy moh (AUC-ROC = 0,78).

Note: The results were obtained using a 10-fold cross-val-
idation, following a prior implementation of the SMOTE
class balancing technique.

Except AUC-ROC, table 3 also shows the values for accu-
racy, recall and F-1 score for each of the models. XGBoost
showed the best results in all metrics, confirming its robust-
ness and applicability in clinical outcome prediction.

Predictive model performances

Accuracy was assessed for the logistic regression, Ran-
dom Forest and XGBoost models. The main indicator of
model success was the AUC-ROC metric, with values pre-
sented in Table 2.

XGBoost model showed the highest accuracy (AUC-ROC
= 0.88), while the logistic regression had the lowest predic-
tive power (AUC-ROC = 0.78).

76

TOOUWTE 99  CBECKA2  JYH 2025




Mpadonukm npukas pesynrara

Ha rpadpmkoHy 1 npukasaHe cy ROC kpuse 3a cBa Tpu Mo-
nena. Yovasa ce ga XGBoost mogen nma Hajoorby cena-
pauujy nsamehy nosuTMBHUX N HEraTUBHUX CriyyajeBa, LUTO
notephyje u werosa Hajseha AUC BpegHOCT.

MpadmkoH 1. ROC kpuBe NnpeankTMBHUX Mogena

Marko Kimi Mili¢, S¢epan Sinanovi¢, Tamara Stevanovi¢
Visualisation of the results
Chart 1 shows ROC curves for all three models. It can be
seen that the XGBoost model shows the best separation

between the positive and the negative cases, as confirmed
by its highest AUC value.

Chart 1. ROC curves for the prediction models

ROC KpuBe 3a pasnuuuTte Moaene
ROC curves for different models
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NorucTtnyka perpecuja (AUC = 0.78)
Logistic regression (AUC = 0.78)

Random Forests (AUC = 0.85)

XGBoost (AUC = 0.88)
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Y pnarbem pagy, aHanusa he ce npowmpuTn Ha gpyre me-
TPUKE Kao LUTO CYy NPELM3HOCT, OCETILUBOCT U crieumnduny-
HOCT, Kako 61 ce gogaTHO noTBpAwMNna NPeavKTUBHA Cro-
cobHoCT Mopaena.

SHAP aHanusa BaXXHOCTU KapaKTepucTuka

Y uurby nosehawa MHTEpnpeTabunHoCcTM moaena, cnpo-
BeaeHa je SHAP ananusa (SHapley Additive exPlanations)
Hag XGBoost mogernom. PesynTtatu cy npvkasaHu Ha rpa-
dUKOHY 2 1 UNyCTpYjy penatuBaH SONPUHOC CBake of yna-
3HUX Bapujabnu y npeavkumnjyu npucycrea 6onectu.

SERBIAN JOURNAL OF PUBLIC HEALTH

In further study, the analysis shall be expanded to other
metrics such as precision, sensitivity and specificity, to ad-
ditionally confirm the predictive abilities of the models.

SHAP feature importance analysis

SHAP (SHapley Additive exPlanations) analysis of the XG-
Boost model was performed to increase model interpret-
ability. The results are shown in Chart 2, and they illustrate
the relative contribution of each of the variables in the pre-
diction of disease.
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MpadmkoH 2. SHAP gujarpam BaHOCTM KapakTepUCTUKa

y XGBoost mogeny
Fnykosa

Glucose

KpBHU npuTUCaK
Blood pressure

BMI

CrapocTt
Age

XonecTtepon
Cholesterol

Mon
Sex

Mywere
Smoking

Chart 2. SHAP diagram of property significance in the XG-
Boost model
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Ouckycuja

Y 0BOM UCTpaxuBawy aHanuaupanu cMO MpUMeEHy mnpe-
OVKTUBHMX MoZena y nepcoHannsoBaHoj] MeauLMHA KpOo3
obpagy nogartaka M3 enekTPOHCKUX 30paBCTBEHUX Kap-
ToHa (EHR). Haww pesyntatn notephyjy noyetHe xuno-
Tese [a MalUMHCKO y4Yere MOXe yHanpeauTu npoLeHy
30paBCTBEHNX PU3NKa U NogpXKaTh AOHOLIEHE KIMHUYKNX
oasyka, y3 3HavajHy TavHocT npegukumja. Kpos getarsHy
aHanu3y nepdopMaHcK pasnuMunMTUX Mogena, Kao U Kpo3
Komnapauujy ca noctojehum pagosvma, OOWMAW CMO A0
HEKONWNKO KIbYYHUX 3aKrby4daka.

JefaH op HajBaxHuWjux Hanasa ogHocu ce Ha nepdop-
MaHCe pPasnMuUTUX NPEeauMKTUBHUX Mmogerna. Jlormctuuka
perpecwuja, Kao TpaguuMoHarIH1U MOLen Koju ce 4ecTo Ko-
pUCTW Y MEAMLMHCKOj CTaTUCTMLM, NOKa3ana je ctabunHe
anu orpaHuyeHe nepdopmaHce, LITO je y ckragy ca nper-
XOAHUM ucTpaxmeawuma [1, 2]. OBa meToga uma jacHy
WHTepnpeTauujy 1 LWMPOKY NPUMEHY Y BMomMeanumHun, anm
HeHa orpaHnyera gornase 4o u3paaja y CroXeHujum ce-
TOBMMa MnogaTtaka, nocebHo Kaga MOCTOjU BMCOK CTEneH
HennHeapHocTu Mehy Bapujabnama.

Ca pgpyre ctpaHe, Random Forest u XGBoost cy nokasanu
3HaTHO Gorbe pesyntarte, npu Yyemy je XGBoost ocTBapro
Hajboren yunHak ca AUC = 0,88, wto noTtephyje Herosy
cynepuopHocT y aHanuan EHR nogaTtaka.

Discussion

This research analysed the implementation of predictive
models in personalized medicine by processing data from
electronic health records (EHR). Our results confirm the
starting hypothesis that machine learning may improve the
health risk assessment and support clinical decision-mak-
ing, with significant prediction accuracy. Through the de-
tailed performance analysis of the different models, as well
as through their comparison with the existing literature, we
have come up with several key conclusions.

One of the most important findings pertains to the perfor-
mances of the different prediction models. Logistic regres-
sion, as the traditional model often used in medical statis-
tics, has shown stable but limited performance, in line with
previous findings [1, 2]. This method has a clear interpreta-
tion and wide application in biomedicine, but its limitations
come to the forefront when handling more complex data
sets, especially if there is a high level of non-linearity be-
tween the variables.

On the other hand, Random Forest and XGBoost showed
much better results, with XGBoost showing the best per-
formance with AUC = 0.88, confirming its superiority in an-
alysing EHR data.

This result is not surprising, since XGBoost uses advanced
techniques such as building an ensemble tree and regulat-
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OBaj pesyntat Huje wusHeHahyjyhu, ¢ ob63Mpom Ha TO
na XGBoost KopucTu HanpegHe TexHuKe nonyTt rpahe-
ta ensemble crtabana v perynauvje 3a cnpedaBane
overfitting-a, WTo je Beh gokasaHo y paHujum ctyanjama [3,
4]. OBakBM MOOENW MOTY UIPaTU KIbYYHY Yrory y KIMHWY-
Koj npakcu, omoryhasajyhu nekapvma ga AoHecy npeuu-
3HWje oAnyKe 3aCHOBAHE Ha KBaHTUTATMBHMM aHanusama
nogataka nauuvjeHara.

MocebHo je 3HavajHO LWTO NPEeAnoXeHN MOAENU MOTY UOEH-
TMdMKOBaTV NaumjeHTe ca BUCOKMM PU3MKOM of ogpehe-
Hux oborbewa, omoryhaBajyhu paHy wHTepBeHuujy. Ha
npuMep, y criyyajy kapavoBackynapHux bonectu, mogen
MOXe nomohu y Mpeno3HaBaky nauujeHata ca CKpUBEHUM
dakToprma pu3smnKa Koju HIUCY ogMax yousbMBY Nekapuma
[5]. OBaj npucTtyn He camo Aa noborbliaBa 34paBCTBEHE
ucxoge, Beh Moxe OOMPUHETN CMakEHY 30PaBCTBEHMX
TPOLLKOBA KPO3 NMpaBOBPEMEHE MPEBEHTUBHE Mepe.

WMako cy npeanoxeHn mMogenu nokasanum BUCOKY TAYHOCT,
HMXOBa MHTEPNpeTabunHOCT U Jarbe npeacTaBrba M3a-
30B. TpaguuMoHanHu Mogenu nonyT OrMCTUYKe perpecu-
je umajy jacHy nHTepnpetauujy KoeduumjeHata, 40K Cy Ha-
npeaHu anroputMmn nonyTt XGBoost-a n Random Forest-a
YeCTO OMaXeHu Kao ,LUpHe kyTuje” [6, 7]. OBo npeacraBba
npobnem y MeguumMHCKOM KOHTEKCTY, IA4e je 04 CyLUTUMHCKe
BaXXHOCTW Aa Nnekapu pasymejy Kako Mogen AOHOCK oany-
Ke.

Kako 61 ce 0BO NpeBasuLLIo, CBe BULLIE CE KOPUCTE TEXHU-
ke objalrKMBOr MalLMHCKor yyewa (Explainable Al), poput
SHAP (Shapley Additive Explanations) BpegHoctu n LIME
(Local Interpretable Model-Agnostic Explanations), xoje
omoryhaBajy geTarbHuWjy aHanuay gonpuHoca nojeauHaud-
HWUX Bapwjabnu y npegukumjama mogena [8, 9]. mnnemen-
Taluuja OBUX TEXHMKa MOXe noBehaTtu noBepere nekapa u
nauunjeHarta y mogene, uime 6u ce omoryhuna wupa npum-
MeHa y KIMMHUYKOj MpaKCu.

Jow jeaaH KrbyyaH acnekTt cTyguje jecte HayuMH Banua-
unje mogena. Y pagy CMO KOPWUCTUMM Kpoc-Banuaauujy
Kako BMcMO MMHUMU3NUpanu npobnem overfitting-a, WO je
CTaHdapAHa npakca y MawuHckom yyetry [10]. MehyTtum,
BaXKHO je Harnacutu ga Hawu pesynrtatu noTudy 13 jegHe
KOXopTe nauujeHata, WTOo nocTtaBrba NUTake HUXoBe re-
Hepanu3abunHOCTU Ha WWpe nonynauuje.

3a noTnyHy noTBpay eukacHOCTU Mofena, HEOMXOAHO je
HNXOBO TECTMpPaHE Ha EKCTEPHUM CETOBMMA MopaTaka,
Kao 1y peariHum KnMHU4Kknm ycnosuma. byayha nctpaxu-
Batba Tpeba fa ce hokycupajy Ha AyropoyHy eBanyauujy
MoZena 1 bUxoBy aganTtauujy Ha pasnuunTe 3apaBCTBEHE
cucteme un nonynauuje [11].

Marko Kimi Mili¢, S¢epan Sinanovi¢, Tamara Stevanovi¢

ing to prevent overfitting, as was proven in earlier studies
[3, 4]. Such models can play a key role in clinical practice,
allowing doctors to make more precise decisions based on
quantitative analysis of patient data.

It is particularly important that the proposed models are
able to identify patients at high risk of certain diseases,
enabling early intervention. For instance, when it comes to
cardiovascular disease, the model can help recognize pa-
tients with hidden risk factors who may not be immediately
obvious to doctors [5]. This approach not only improves the
health outcomes but can also help contribute to lowering
healthcare costs through timely preventive measures.

Despite having shown high accuracy, the interpretability
of the proposed models remains a challenge. Traditional
models like logistic regression have clear coefficient in-
terpretation, while advanced algorithms like XGBoost and
Random Forest are often perceived as “black boxes” [6, 7].
This is a problem in the medical context, where it is of ut-
most importance that the doctors understand how a model
makes decisions.

To overcome this, explainable machine learning (explain-
able Al) techniques are increasingly used, such as SHAP
(Shapley Additive Explanations) values and LIME (Local
Interpretable Model-Agnostic Explanations), which allow
for a detailed analysis of the individual variable contribu-
tion to the model predictions [8, 9]. Implementation of such
techniques can increase trust in the models among doctors
and patients, making way for a broader application in clin-
ical practice.

Another key aspect of the study is the method of model
validation. In this study, cross-validation was used to min-
imize the issue of overfitting, which is standard practice in
machine learning [10]. However, it is important to empha-
size that our results come from a single cohort of patients,
which raises the issue of whether they can be generalised
to a wider population.

To fully confirm their efficiency, the models need to be test-
ed on external data sets, as well as in real clinical con-
ditions. Future research should focus on long-term model
evaluation and their adaptation to different healthcare sys-
tems and populations [11].

The use of EHR data to build predictive models opens im-
portant ethical and legal issues. One of the key challenges
is the protection of patient privacy, especially in line with
legislation such as HIPAA (Health Insurance Portability
and Accountability Act) [12]. Security protocols need to be
developed to allow for the use of these data without com-
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Kopnwhenwe EHR nogataka 3a usrpagtwy npeguKkTuBHUX
Mofena oTBapa BaXHa eTuyka v npasHa nuTawa. Jedad
Of KIbYYHWMX M3a30Ba jecTe 3aliTuTa NpuBaTHOCTM naum-
jeHaTa, nocebHo y cknagy ca perynatvsama nonyTt HIPAA
(Health Insurance Portability and Accountability Act) [12].
MoTpebHo je pa3BuTK curypHocHe npoTokore Koju he omo-
ryhmtn ynotpeby oBux nogataka 6e3 HapyliaBawa npu-
BaTHOCTM NauujeHara.

Mopen Tora, mogenu 61 MOrnu MMaTy NoTeHUujanHe npu-
CTPaCHOCTM YKONMKO ce nogauu He 6anaHcupajy npasun-
Ho. Ha npumep, ako ce mogenu TpeHupajy Ha nogauuma
KOju npeTexHo fornase u3 jedHe gemorpadpcke rpyne,
Moxe gohn OO cMmamwena NpPeuusHoCTW 3a Apyre rpyne
nauujeHara, WTo 61 MOrno AOMPUHETM 34PaBCTBEHMM He-
jegHakoctuma [13]. Ctora je BaxHO ga ce npu nsrpagku
Modena obpaTtu naxta Ha penpe3eHTaTMBHOCT nogaraka
N eTn4Ke npuHUmne.

WMako cy Hawm pesynTtaty nokasanu 3HadyajaH noteHuwmjan
y kopuwherwy MalUMHCKOr ydewsa 3a MepcoHanvM3oBaHy
MeauUnHY, NocToje ogpeheHa orpaHnyersa oBe cTyauje:

1. PeTpocnekTvBHa npupogda nogataka — AHanusa ce
ocnawa Ha Beh npukynrbeHe nogatke, LWUTO 3Ha4M Aa
je moryhe npucycTBo cuctemartcke npuUCTPacHOCTMU.
MNpocnekTuBHe CTyaunje Cy HeonxodHe 3a Jarby Ba-
nvpauvjy pesynrarta.

2. HepocraTtak ekctepHe Banupauunje — Mogenu Hucy
TECTUPaHW Ha eKCTepHMM CeTOBMMa rnogartaka, LUTo
MOXE OrpaHUYnUTU HUXOBY MPUMEHY Y pasnnimTum
KITMHUYKUM KOHTEKCTUMA.

3. OG6jawmmBocT Mogena — Mako cy mogenu nokasanmu

BMCOKY T@4HOCT, AOA4aTHM Hamnopu cy NoTpedHn Kako
Ou ce nosehamna huxoBa WMHTEPNPETAOMITHOCT 3a
KIMHWUYKY yrnoTpeoy.

Byayha ncrpaxnsara Tpeba ga ce okycmpajy Ha npume-
Hy Mofena y peanHuM KIMMHUYKUM YCroBUMa, UHTerpaum-
jy Ehplainable Al metogonoruja n Tectupake Mogena Ha
pasnuuMTuUm nonynauujama. Takohe, noTpebHo je pa3BuTn
WHTEpPaKTUBHe anaTe Koju 6u oMmoryhunu nekapuma nakiy
WHTepnpeTauujy pesyntarta Mogena n nHTerpauujy y csa-
KOQHEBHY Npakcy.

Hawa cTtyguja notephyje noteHuuwjan NpeamkTUBHUX MO-
Aena 3acHoBaHux Ha EHR 3a nepcoHanusoBaHy meau-
unHy. XGBoost ce uctakao kao HajedukacHuju mogern ca
Hajsehom npeankTMBHOM Mohu, JOK Cy M3a30BU Y UHTEp-
npeTtaunju n reHepanusaumjy u garse npucytHu. MiHterpa-
LMja OBMX MOAena y KMMHWYKY npakcy morna 6u 3HayajHo
yHanpeauTn OOHOLWEeHe oaslyka, CMawUTN 34paBCTBEHE
TpoLuKoBe M noborblwatu mucxode naumjeHata. Mehytum,

promising patient privacy.

In addition, the models could have potential biases if the
data is not properly balanced. For example, if the models
are trained using data coming dominantly from a single de-
mographic cohort, precision for other demographics could
be lowered, contributing to health inequalities [13]. Hence
it is important, when building the models, to pay attention
to data representativeness and ethical principles.

Even though our results show a significant potential in the
use of machine learning for personalized medicine, there
are certain limitations to this study:

1. Retrospective nature of the data — the analysis relies
on the data that had already been collected, meaning
there could be a systemic bias. Prospective studies
are needed for further validation of results.

2. Lack of external validation — the models are not test-
ed on external data sets, which can limit their appli-
cation in different clinical contexts.

3. Model interpretability — even though they have

shown high accuracy, additional efforts are needed
to increase model interpretability for clinical use.

Future research should focus on the use of models in real
clinical conditions, integration of explainable Al methodol-
ogies and testing the models on different populations. In
addition, interactive tools that would facilitate model result
interpretation for doctors, and their integration in everyday
practice, need to be developed.

Our study confirms the potential of predictive models
based on EHR data for personalized medicine. XGBoost
has proven itself as the most efficient model with the high-
est predictive power, while challenges in interpretation and
generalisation remain. Integration of these models into the
clinical practice could significantly improve decision-mak-
ing, lower healthcare costs and improve patient outcomes.
However, further efforts are needed to ensure a just and
ethical implementation of these technologies in healthcare.

Conclusion

This study has shown a significant potential for the use
of predictive models in personalized medicine by analys-
ing electronic health records (EHR). Results confirm the
starting hypothesis that advanced algorithms of machine
learning, in particular XGBoost, can improve the precision
of clinical outcome prediction and support medical deci-
sion-making. By combining different data processing meth-
ods and optimizing the models, we managed to achieve
high prediction accuracy, which can have direct implication
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HeOoMnxodHW Cy Aarbu Hamnopu kako 6u ce ocurypana npa-
BMYHA U €TUYKa NpUMeHa OBKX TEXHOSOIja y 34paBCTBY.

3akrby4ak

OBO UcTpaxmnBake je nokasano 3HayajaH noTeHumjan npu-
MeHe MpeavkTUBHUX Moderna Yy nepcoHann3oBaHo] Meau-
LMHN KPO3 aHanm3y eneKkTPOHCKMX 30paBCTBEHUX KapToHa
(EHR). Pesyntatn notephyjy nodeTHe xunoTtese fa Ha-
npegHn anropuTMmn MaLLMHCKOr y4ena, nocebHo XGBoost,
Mory noborbLiaTti NPeunsHOCT Npeankumje KIMHUYKUX 1c-
X0[a v nogpxatu JoHoLWeHe MeauUMHCKnX ognyka. Kom-
BuHoBakeM pasnuunMTnx Metoda obpade noparaka v on-
TMMMU3aUMjoM Mogena ycnenu cmMo Aa NoCTUrHEMO BUCOKY
Ta4yHOCT npeavkumja, WTO MOXE MMaTh QUPEKTHE UMNNK-
Kauuje Ha npeseHuujy, AnjarHOCTUKY 1 TpeTMaH naumjeHa-
Ta.

Krby4yHu gonpuHocu nctpaxmBama

1. Banupauuja npegukTMBHUX Moaena y MeanuuHCKOM
KOHTEKCTY — [lokasanu cMo fa cy mogenu 3acHoBa-
HM Ha MaLUWHCKOM y4eky CnocobHM Aa aHanuaupa-
jy cnoxeHe obpacue y nogauvMma naumjeHaTta v ga
NOeHTUMUKYjy dakTope pusnka ca BUCOKMM HUBOOM
npeuunsHoctn. XGBoost ce n3nBojuo kao Hajeduka-
CHWju Mogen, anu je BaxHo uctahu ga je werosa uH-
TepnpeTabunHoCT 1 farbe N3a3oB.

2. TpumeHa Explainable Al TexHuka — Kako 6u ce obes-
G6egvna Beha TpaHCMapeHTHOCT MoAena, UCTPaXu-
nn cmo moryhHocTn npumeHe SHAP BpegHocTu u
apyrux objawrneux TexHuka. OBa metogonoruja je
Kiby4Ha 3a omoryhaBame LUMpe KITMHUYKE NPUMEHE,
jep nekapvma omoryhaBa 6osbe pasymeBane hak-
TOpa Koju yTuUdy Ha npegukuujy.

3. WM3zazoBu u orpaHuverwa — CTyauvja je ykasana Ha
n3asoBe nonyt mMoryhux npucTpacHocTV y nogauu-
Ma, noTpebe 3a eKCTEPHOM BanuaaumjoM U eTUYKUX
acnekaTa NpMMeHe anroputama y mMeaumumHu. Nako
Cy Hawy MOAEeNnu nokasanu BUCOKY Ta4yHOCT Ha [o-
CTYMHUM Nogauuma, huxoBa CNoCOOHOCT reHepanu-
3aumje Ha pasnuyuTe nonynauuje octaje OTBOPEHO
nuTakE.

4. TepcnektuBa 3a 6ygoyhu paseoj — bBygyhu npasumu
ncTpaxueara Tpeba Aa ce okycupajy Ha Tectupa-
He Modena Ha WypuM nonynauujama vy peanHum
KNMUHUYKUM ycrioBuMa. Takohe, BaXKHO je pasBuTU
WHTEPaKTUBHE CUCTEME 3aCHOBaHe Ha MaLUMHCKOM
yyeny koju he nekapuma omoryhutu jeqHOCTaBHY
ynotpeby nNpeaukTUBHWX MoAena y CBaKOAHEBHO]
npakcu.
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on prevention, diagnostics and treatment.
Key contributions of the study

1. Validation of prediction models in a medical context
— we have shown that the models based on machine
learning are capable of analysing complex patterns
in patient records and identifying risk factors with a
high level of precision. XGBoost proved itself as the
most efficient model, but it is important to note that its
interpretability remains challenging.

2. The use of Explainable Al techniques — to ensure
better model transparency, we examined the possi-
bilities of applying SHAP values and other explain-
able techniques. This methodology is key for allow-
ing a wider clinical application as it allows physicians
a better understanding of the factors that impact pre-
diction.

3. Challenges and limitations — the study has indicat-
ed challenges such as possible data bias, need for
external validation and ethical aspects of using al-
gorithms in medicine. Even though our models have
shown a high accuracy using the available data, the
question of whether they can be generalized to differ-
ent demographics remains.

4. Future development perspective — the future re-
search should focus on testing models on wider pop-
ulations and in real clinical settings. It is also import-
ant to develop machine-based interactive systems
that will make it simple for doctors to use these pre-
dictive models in everyday practice.

Impact on clinical practice and future development

Personalized medicine is becoming increasingly central to
contemporary healthcare, and integration of artificial intelli-
gence in this field could significantly improve the quality of
treatment. By using predictive models, healthcare systems
can recognize patients at high risk from developing a dis-
ease and allow for early intervention, which improves the
quality of healthcare and reduces treatment costs.

However, to fully integrate these models in clinical practice,
additional tests in different healthcare institutions and with
heterogeneous data sets are necessary. In addition, work
needs to continue on model interpretability, to ensure trust
from healthcare professionals and patients.

In conclusion, we can say that the results of this research
represent an important step towards the implementation
of artificial intelligence into personalized medicine. Despite
the challenges in interpretation and ethical implementation
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Mapko Kumn Munuh, lhenad CuHaHosuh, Tamapa CreBaHoBWh

MmnakT Ha KNUHNYKY npakcy u 6yayhe npaBue pa3Boja of these technologies, their potential for healthcare im-
provement is unquestionable. Continued research in this

lMepcoHanunsoBaHa MeguumHa cee BULLIE NocTaje LeHTpan- direction can significantly contribute to the development

Ha Tayka caBpeMeHe 34paBCTBeHe 3awTunte, a uHterpaum- and precise and efficient medicine in the future.

ja BewTayke MHTeNUreHumje y oBy obnact Moxe 3HayajHO

yHanpeavTy KBanuTeT neyera. Ynotpebom npeaukTUBHNX

mMogena, 34paBCTBEHM CMCTEMW MOTy MpenosHaty nauu-

jeHTe ca BMCOKMM pU3NKOM of pa3Boja 6onectn n omory-

AWUTK paHy MHTepBeEHLMjY, YMMe ce noborbluaBa KBanmMTeT

30paBCTBEHE 3aLUTUTE Y CMakbyjy TPOLLKOBM NeYeHsa.

MeRyTuMm, Kako 61 ce oBM MOZENM Y NOTMYHOCTU UHTErPU-
canu y KNMHUYKY Mpakcy, HeonxogHo je ga byay goaartHo
TECTUPaHU y pasnuyMTUM 30paBCTBEHUM yCTaHOBama 1 Ha
XeTeporeHum ceToBuma nogataka. lMNopen Tora, notpebHo
je HacTaBuTU pag Ha objalwHMBOCTM Modena kako 6u ce
ocurypano noBepeke MeauUMHCKMX npodyecuoHanaua u
naumjeHara.

Y 3akrby4ky, moxemo pehu ga pesynrtatu OBOr UCTpaxu-
Batba MNPEACTaBrbajy BaXkaH KOpak Ka umnnemeHTaumju
BeLUTayKe MHTENUreHumje y nepcoHanm3oBaHy MeguLuHy.
Mako nocToje n3asoBu y UHTeprpeTaumjn 1 eTU4Koj npume-
HW OBUX TEXHOMOrunja, HUXOB NoTeHumjan 3a yHanpehenwe
30paBCTBEHE 3alUTUTE je HeocnopaH. Hactaeak nuctpaxu-
Batba y OBOM MpaBLy MOXe 3Ha4ajHO AOMPUHETU pasBojy
npeunsHe n edukacHe meamumnHe y 6yayhHocTu.
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