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JIOJIATOK B

Crnaiinu npe3eHTaii

- MIHICTEPCTEBO KAPKIBCbKHA
OCBITHIHAYKWA | HALIOHANBHHEA
[ ] YHIBEPCUTET

YKPAIHMA NURE PARIDENEKTRPOHIKK

JlocmimkeHHS MEeTO/TIB
MAaIIHHHOTO HAaBYaHHSI
JUTSL IIPOTHO3YBaHHS
PO3BUTKY [I1a0€eTy

JIarmora Oner Brnagncaagosmd, II13m-¢3-]
HayxoB1il KepiBHIK KaH[I TeXH. HayK, JOLeHT Kadep
nporpamuol irkeHepil Hazapor Onexciit CeprifioBind

— e —

) S, 16 yeprma 2025

Pucynoxk b.1 — TutynbsHuii cnaij

AKTyaJIbHICTh Ta CTaH PO3BUTKY rajny3l

e LlykpoBuUi fiabeT — oZiHe 3 HalbiNbLL PO3NOBCHOAXEHUX XPOHIUHMX
3aXBOPHOBaHb Yy CBITI.

e (Bo€uvacHa ZliarHocTuKa Ma€ BUpianbHe 3Ha4YeHHs Ana NpodinakTnkm
ycKnagHeHb.

e TpaavuinHi AiarHOCTUYHI MeTOAN He BPaxoBYyHOTb 6araToBMMipHUX
3a1eXHOCTeN MiX KNiHIYHUMU MOKa3HUKaMU.

e CyuacHi nigxoan Ha ocHoBi ML 3a6e3rneuytoTb TOUHILLE NPOrHO3yBaHHS
PU3UKY 3aXBOPIOBaHHS.

[ —
o —

Pucynok b.2 — AKTyanbHICTh Ta CTaH PO3BUTKY Tay3i
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JlocIiPKeHHS

Hanpsamok aocnigXeHHs: Po3pobka Ta eKcepMMeHTaibHa OLiHKa
iHTeNneKTyasibHOT CUCTEMW A1A MPOrHO3YBaHHA PU3NKY PO3BUTKY AiabeTy Ha
OCHOBI aArOPUTMIB MalLMHHOIO HaBYaHHA 3 NOAA/NbLLOK iHTerpauieto y
REST-cepsic.

06’eKkT pocnipykeHHsA: MNpouec MeANYHOI AiarHOCTUKN PUIUKY PO3BUTKY
LlyKpOBOro AiabeTy 3a JONOMOIror aHasiTUYHOT 06PO6KU KNIHIUHNX AaHWX.

j——
o —

Pucynok b.3 — HanpsiMmok Ta 00’ €KT JOCITIIPKSHHS

O aiTeparypH (aHajIoriB)

e Alghamdi M, Al-Mallah M, Keteyian S, Brawner C, Ehrman J, et al. (2017)
Predicting diabetes mellitus using SMOTE and ensemble machine learning
approach: The Henry Ford Exerclse Testing (FIT) project. PLOS ONE 12(7):
p032/190a€ aHcambaesi memoodu ma SMOTE 045 nokpawjeHHs knacugikayii diabemy

e Dagliati A, Marini S, Sacchi L, et al. Machine Learning Methods to Predict
Diabetes Complications. Journal of Diabetes Science and Technology.
2018;12(2):295-302 po3enadae iHmezpayito mooenel ML y KaiHIYHI cucmemu.

e El-Sofany, Hosam, El-Seoud, Samir A., Karam, Omar H., Abd El-Latif, Yasser M.,
Prediction of Diabetes Disease through a Mobile App, International Journal of
Intelligent Systems, 2024, 6688934, 13 pages, 2024 po3rnsjae 3acToCyBaHHS
MOb6inbHMX ML-a0oAaTKIiB ANA MeANYHOT AiarHOCTUKIA.

| —
o —

Pucynoxk b.4 — Orusin nitepaTypu Ta pillieHb aHAJNOT1



52

[TocTanoBKa 3aj1a4i

TpaAnUiiHi METOAN AIarHOCTUKN fiabeTy € rnepeBaXHO peakTUBHUMU Ta
HeedeKTUBHI A4/18 paHHLOrO BUSAB/IEHHS 3aXBOPKOBaHHS, Y pe3ynbTaTi BUHUKAE
noTpeba y CTBOPEHHI CUCTEMW, 34aTHOI iHTEeNeKTyaNnbHO OLIHIOBaTU PU3NK PO3BUTKY
JiabeTy Ha OCHOBI baraToBUMIPHNX MeANYHNX AaHWNX.

JopaTtkoBo, Npu poboTi 3 MeANYHUMU JaHNMWN BUHWKaKOTL Npobnemn 3
He36anaHCOBaHICTIO AaHUX Ta HeObXIAHICTb B IHTEpNPeTOBaHOCTI pe3y/ibTaTiB

B pe3ynbTari, 419 BUPILLEeHHA HaBeJeHUX NpobnemM HeobXiAHO CTBOPUTI TOUHY,
FHYYKY Ta KNIHIYHO NpUAaTHY cuctemy NiaTPUMKA MeAUYHUX pilléHb Ha OCHOBI
MaLLNHHOIro HaBYaHHs.

= =
o —

Pucynok b.5 — IlocranoBka 3agadi

MeToau IT0CIIKEHHS

[ocnigkKeHHst NPOBOAUTLCA 3 BUKOPUCTaHHAM MeTogiB ML:

e Decision Tree Ha 6a3i iIHGOPMALLIVIHOTO 3UICKY:  1¢(s, )= Entropy(s)- 3 1018 Entropy(S.)

veValues(A)

* AHcamébnieBi posiuvperHs Decison Tree: Random Forest i XGBoost

e Logistic Regression: ham:ﬁ JO= 1 3" [y tog(he(z9))+ (1 - 3 )tog(1 — ha(29))]
e CNN
e MLP
e pm—

.

Pucynox b.6 — Meroau nociiiKeHHs



[HCTpyMEHTap1i Ta TEXHOJIOT 11

MoBa nporpamyBaHHs: Python 3.11

ML-6i6nioTekn: scikit-learn, xgboost, Keras/TensorFlow
NigknroyeHHA Ao 6a3u gaHnx: SQLite, SQLAlchemy ORM
O6pobka gaHux: pandas, numpy

Bisyanizauia: matplotlib, seaborn

Cuctema 36epiraHHs mogeneia: joblib, .h5 ana Hellpomepex
PenauiriHa B4: MySQL

He-pensyinHa b/: MongoDB

=
o —

Pucynoxk b.7 — [HcTpyMeHTH Ta TEXHOJIOT 11

ApXITEKTypa CHCTEMA JIIS [IPOBEICHHS
€KCIIEPUMEHTAJIBHOTO JOCII1KCHHS

Usar Machine

Dutnbese Connection

Pucynok b.8 — ApxiTektypa cucremu



APXITEKTypa CUCTEMHU JIJISI IPOBEACHHS
€KCIIEPUMEHTAJIBHOT'O TOCI1IKEHHS

( E id: ObjectId('67f10f953d9963728df90f78"
{Paliems 1 Predictions | =14 ;
‘ model_type : "RandomForest"
,Hpanenl id INT (PK) —— prediction_id INT (PK) v params : Object
iname VARCHAR N < patient id INT (FK) n_estimators : 100
|age INT risk_score FLOAT max_depth : 10
}yzanrier BOOL model_id INT (FK) 7\ accuracy : 0.8608
[BMI FLOAT date DATE filename : "models/RandomForest_2440d1da.pkl"
blood_hlucose | FLOAT ) created_at : 2025-04-05T14:07:49.347+00:00

v

}memca/ history |FLOAT metrics : Object

_id: Objectld('67f1108f3d9963728df90f79"'
Medical Records Models model_type : "XGBoost"
|record_id INT (PK) model_id INT (PK) —— v params : Object
\_<] patient_id INT (FK) name VARCHAR n_estimators : 160
1 learning_rate : 0.1
| record_date DATE version VARCHAR
[ max_depth : 6
| observation Text accuracy FLOAT accuracy : 0
7 crated_date DATE filename : " GBoost_6242f9%ae.pkl"
mongo_id VARCHAR created_at : 2025-04-05T14:14:23.672+00:00

file_name | VARCHAR

v

metrics : Object

Pucynok b.9 — Apxitektypa 6a3 1aHux

3MICT IIPOBEACHOTO EKCIICPUMECHTY

e BxigHi aaHi: Pima Indians Diabetes Dataset: 768 3anuciB, 8 K/iHIUHNX
napameTpiB, 06'eKT MPOrHO3yBaHHS;

e Kpurepii oujiHku: Accuracy, Precision, Recall, F1 Score, ROC AUC;
MocnifoBHICTL:

3aBaHTaXeHHs Ta OYMLLIEHHS AaHWX.

reHepauist HOBUX O3HaK.

BanaHcyBaHHs Knacis.

HaB4aHHs Mojeneii.

OujiHKa MeTpuUK.

o 36epexeHHs pe3ynbTaTis Yepes REST API.

e Pe3ynbTaTu: PO3paxoByOTLCA Ha BaniJauinHni BUGIpUI

o o o o O

P—
|

Pucynox b.10 — 3micT npoBe1eHOTO EKCTIEPUMEHTY
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KuIbKICHI pe3yJIbTaTi €KCIEPUMEHTY

Accuracy | Precision | Recall F1 Score ROC AUC
e
‘ 84.81% 83.33% | 87.50% 85.37% 91.54%
Regression
>
79.75% 74.00% | 92.50% 82.22% 84.71%
Tree
Random
86.08% 83.72% | 90.00% 86.75% 94.78%
Forest
XGBoost | 86.08% 82.22% | 92.50% 87.06% 94.17%
MLP 82.28% 80.95% | 85.00% 82.93% 90.96%
CNN 83.54% 81.40% | 87.50% 84.34% 90.38%

SE 11

engineering

Pucynok b.11 — KinbKicHi pe3ynbTaTi €KCIIEPUMEHTY

SIKICHI1 pe3yJIbTaTH €KCIIEPUMEHTY

Ba;mm;?c‘rb Hasga kpurepito Po3paxyHoOk KoedilieHTy
KpHTEpilo
1 ROC AUC 75 = 0.007
5 Recal 1—25 —0.133
3 Precision % =03
: Jo— % — 0.267
z F1 Score % —0.333

Logistic Regresion — 85.48;
Random Forest — 86.91;

S E XGBoost — 87.04;

CNN — 84.33; 12

............

Pucynoxk b.12 — SIkicHi pe3yiabTaTu €KCIIEPUMEHTY
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AHai3 OTpUMaHUX Pe3yJIbTaTIB

[lOCArHYTO OCHOBHY MeTy — po3pobKa Ta ekcreprMeHTasibHe MiATBepAXKeHHA
epeKTUBHOI CCTeMU MPOrHo3yBaHHSA AiabeTy Ha ocHOBI ML.

XGBoost i Random Forest AeMOHCTPYIOTb HavikpaLLi MeTpuky (F1 > 87%, AUC
> 94%). MeHepaLig HOBUX 03HaK MokpaLnaa NPoAYKTUBHICTb YCiX MOLenen.

MigTBepAXeHO AOUINBHICTL BUKOPUCTAHHS aHCaMbeBUX MeTOoAiB Y

3ajady nonepeHbOI giarHocTuKK. Bucoka F1 Score cBigunTb npo
Y3roZXXeHIcTb nepesbayeHb.

o
| 13
Pucynok b.13 — Anani3 oTpuMaHux pe3yibTaTiB
[Ty6mikaiiist pe3yiabTaTiB
_ YIMITONISR025
! S
Certificate
Chair of the comferemie (/? s
Be
—— b5 EhicAiasas
B 74

Pucynok b.14 — [1yGmikartis pe3ysbTariB
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[TincyMKu

PeaniCTU4HICTb OTPUMaHUX pe3yNbTaTiB 4OCAraeTbCA LLAAXOM
BUKOPUCTAHHAM peasbHUX MeANYHUX AaHWX Ta CriBNagiHHA 3 pe3yibTaTaMu
aHaNOriYHMX AOCNIAKEHb.

MpakTUYHa 3Ha4YLLiCTb JOCNIAKEHHS NONAraEe y CTBOPEHHI YHIBEPCAaIbHOI0
IHCTPYMEHTY paHHbOI AiarHOCTUKU AiabeTy, Lo MOXe BUKOPUCTOBYBATUCH A1
MeANYHOro CKPUHIHIY Y K/iHIKax NepBUHHOI 1aHKW, NornepeiHboro
CaMoZiarHOCTyBaHHA B MOBIJIbHUX 3aCTOCYHKaX, aHaNITUKN Y NPOQIiNakTUYHMNX
nporpamax OXopoHU 340pOB'A.

Moaanblui HAaNPAMY AOCAIAXKEHHSA BKIHOYAOTh BUKOPUCTaHHSA MNGLLINX
HEeMPOHHUX MepeXX Ha PO3LUMpPeHNX gaTaceTax.

MOX/IMBO NPOBECTU BaniAaLito CUCTEMU Ha JaHKX 3 IHLUUX MOMyNsaLii Ta
MeANYHNX 3aKNajiB.

-

—_—
-r 15

Pucynok b.15 — I[lincymku



JIOJIATOK B

[Tpuknaau koxy mporpam

def generate_version_hash (model type, params):
data = json.dumps ({"model type": model type, "params": params},
sort_keys=True)
return hashlib.md5 (data.encode()) .hexdigest () [:8]

def preprocess_features (df):
for col in df.columns:
df[col] = pd.to numeric(df[col], errors='coerce')

df ["Glucose BMI ratio"] = df["Glucose"] / df["BMI"]

df["Is_obese"] = (df["BMI"] >= 30) .astype(int)

df ["Age group"] = pd.cut(df["Age"], bins=[0, 30, 50, 120], labels=[0,
1, 2])

df ["HbAlc level"] = pd.cut(df["Glucose"], bins=[0, 100, 125, 300],
labels=[0, 1, 2])

return df

model.fit (X train, y train)
metrics = evaluate_model (model, X val, y val)

version hash = generate version hash(model type, params)
filename = f"models/{model type} {version hash}.pkl"
joblib.dump (model, filename)

mongo_id = save_model to_mongo (model type, params, filename,
metrics|["accuracy"], metrics)

model id = save model metadata (model type, version hash,
metrics["accuracy"], mongo_id, filename)

return {
"status": " Model trained",
"model type": model_ type,
"accuracy": float (metrics["accuracy"]),
"model id": model id,
"filename": filename,
"params'": params

X train np = np.expand dims (X train.values, axis=-1)
y_train np = y train.values

X val np = np.expand dims(X val.values, axis=-1)
y_val np = y_val.values

model = Sequential([
Input (shape=(X train np.shape[l], 1)),
ConvlD (filters=params.get ("filters", 32), kernel_ size=3,
activation='relu'),
Flatten(),
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Dense (params.get ("dense units", 64), activation='relu'),
Dropout (params.get ("dropout”", 0.3)),
Dense (1, activation='sigmoid')

1

model.compile (
optimizer=Adam(learning rate=params.get("learning rate", 0.001)),
loss='binary crossentropy'
metrics=["'accuracy']

)

model.fit(
X train np, y_train np,
validation data=(X val np, y val np),
epochs=params.get ("epochs", 20),
batch_size=params.get("batch_size", 32),
verbose=0

metrics = evaluate model (model, X val np, y val np, is_cnn=True)
version _hash = generate version hash(model _type, params)
filename = f"models/{model type} {version_ hash} .keras"

model .save (filename)

mongo_id = save_model to_mongo (model type, params, filename,
metrlcs["accuracy"], metrlcs)

model id = save model metadata(model type, version_hash,
metrlcs["accuracy"], mongo_id, filename)

return {
"status": " CNN trained",
"model type": model type,
"accuracy": float(metrics["accuracy"]),
"model id": model id,
"filename": filename,
"params": params

else:
return {"error": f"Unsupported model type: {model typel}"}

def predict risk(df, model id=None):
if model id:
session = Session()
model entry = session.query (Model) .filter (Model.model id ==
model id) .first()

session.close ()

if not model entry:

return {"error": f"Model with ID {model_ id} not found"}
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filename = model entry.filename
if not filename:
return {"error": f£f'"No filename associated with model ID
{model id}"}
else:

filename = "models/model.pkl"

if not os.path.exists (filename) :

return {"error": f"Model file {filename} not found"}

if filename.endswith(".h5") or filename.endswith(".keras"):
model = load model (filename)
df = preprocess_features (df)
X = df[FEATURES] .values
X = np.expand dims (X, axis=-1) # (samples, features, 1)
prob = model.predict(X) [0][O0]
return {"risk score": float(prob), "model file": filename,

"model type": "CNN"}

else:
model = joblib.load(filename)
df = preprocess_ features (df)
X = df[FEATURES]
prob = model.predict proba(X)[:, 1]

return {"risk score": float(prob[0]), "model file": filename}

def get model metrics (model id):
session = Session()
model entry = session.query(Model) .filter (Model.model id ==
model id) .first()
session.close()

if not model entry:
return {"error": f"Model with ID {model id} not found"}

filename
mongo_id

model entry.filename
model entry.mongo_id

if not filename or not os.path.exists (filename) :
return {"error": f'"Model file {filename} not found"}

config = get model config(mongo_id)
if config and "metrics" in config:
return config["metrics"]



df = load dataset("validation data")
X df [FEATURES]
y df["Outcome"]

if filename.endswith(".h5") or filename.endswith(".keras"):
model = load model (filename)
X np = np.expand dims(X.values, axis=-1)
metrics = evaluate model (model, X np, y, is_cnn=True)
else:
model = joblib.load(filename)
metrics = evaluate model (model, X, y)

update model metrics_in mongo (mongo_id, metrics)

return metrics

def evaluate_model (model, X, y, is_cnn=False):
if is _cnn:
y_pred = model.predict (X) .flatten()
y_pred label = (y_pred >= 0.5) .astype(int)
else:
y_pred = model.predict_proba(X)[:, 1]
y_pred label = (y_pred >= 0.5) .astype(int)

return {
"accuracy": float(round(accuracy score(y, y pred label), 4)),
"precision": float(round(precision score(y, y pred label), 4)),
"recall": float(round(recall score(y, y pred label), 4)),
"f1": float(round(fl_score(y, y_pred label), 4)),
"roc_auc": float(round(roc_auc_score(y, y_pred), 4))

61
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Research on Machine Learning Methods for Predicting Diabetes
Development

g . a i - P
Oleh V. Liapota and Oleksi 5 Nazarov®

o Kharkiv National University of Radio Electvonics, Nawky Ave. 14, Kharkiv, 61166, Ulraine

Abstract

The rapid increase i the prevalence of diabetes worldwide necessitates the development of
accurate and timely prediction tools to support early intervention and treatment. This paper
presents a study of various machine learning methods applied to medical data to predict the
risk of developing diabetes.

Keywords
Prediction, diabetes, machine learning, XGBoost, MLP, CNN, Logistic Regression, Decision
Tree. Random Forest.

1. Introduction

Diabetes mellitus remains one of the most common chronic diseases globally, significantly affecting
patients’ quality of life and burdening healtheare systems. According to the World Health Organization,
the number of people with diabetes is steadily inereasing, emphasizing the need for early nisk detection
and timely medical intervention. Traditional diagnostic methods often rely on manual analysis of
medical indicators, which 1s labor-intensive and prone to errors.

In recent years, machine learning (ML) methods have shown high efficiency in medical data
analysis. They help detect hidden patterns and improve diagnostic accuracy. ML algorithms can learn
from large multidimensional datasets and predict the likelihood of discase based on key risk factors —
such as glucose level, body mass index (BMI), age, genetic predisposition, ete.

The goal of this project is to study and compare different machine learning algorithms for predicting
the risk of developing diabetes. A modular software system was developed that mtegrates data
preprocessing, model traming, and prediction inte a single platform convenient for medical
professionals. Particular attention is paid to ensemble models, neural networks, and methods for
handling imbalanced data, especially SMOTE.

2. Data Preprocessing

The effectivencss of machine learning models largely depends on the quality of data preparation.
For the diabetes prediction task, several key data preprocessing steps were implemented: cleaning,
normalization, sample balancing, and feature engineering.

2.1.Normalization

Medical indicators such as glucose level, BMI, and blood pressure have different value ranges,
which can lead to some features dominating durmg model training. To mitigate this effect, min-max

normalization was applied to scale all values to a common range of [0, 1], ensuring equal contribution
from all features in model building.

Pucynok I'.1 — Beryn o my6Gmikarii



2.2.Synthetic Minority Oversampling Technique

Most open medical datasets, including the Pima Indians Diabetes Database used in this study, are
class-imbalanced — the number of non-diabetic cases significantly exceeds the number of diabetic
cases. This imbalance hampers the model's ability to detect rare positive cases.

To address this, the SMOTE method [1] was used. It synthetically generates new mimnority class
examples by interpolating between nearest neighbors in the multidimensional feature space. This
creates a balanced dataset and improves the model’s sensitivity to rare cases.

2.3.Feature Engineering

In addition to basic medical parameters, feature engineering was implemented — the process of
creating new, more informative features from existing data. The synthesized features were chosen based
on their proven importance in other studies [2]. The new features include:

*  pglucose BMI_ratio — the ratio of glucose to BMI, potentially indicating abnormal conditions;

s is_obese — a binary indicator of obesity;

o age proup — categonical grouping of age o highlight risk categories;

*  HbAle_level — an estimated glyeated hemoglobin level as a long-term glucose indicator.

This improved the dataset's informativeness and the generalization ability of the models.
3. Machine Learning Methods

To address the problem of diabetes risk prediction, several ML algorithms were applied, ranging
from classical statistical approaches to modern neural network models. The selection was based on their
suitability for tabular medical data, classification accuracy, and ability to handle complex multivariate
relationships.

3.1.Logistic Regression

A baseline binary classification algorithm used to estimate the probability that an object belongs to
one of two classes. In the context of diabetes prediction, it estimates the likelihood of a patient being at
high risk.

Mathematical model:

1 (1)
Py =1lxl) = 1 + e—wTx+b)
where x = [x;, 3, ..., x| — feature vector, w — weight vector, b — bias.

3.2.Decision Tree

A classification/regression model that splits input data into subgroups based on feature values. Each
node represents a decision based on a feature threshold, and leal nodes represent final classes (diabetic
o1 not).

At each node, the feature and threshold are chosen to maximize purity. Entropy-based impurity
Imeasure:

Mathematical model:

o (2)
Entropy(5) = — zp; loga  p
i=1

where § — data subset at a node, p; — proportion of class { v § | ¢ — number of classes.

Pucynok I'.2 — Orasin iporieciB miArOTOBKU JaHUX Ta 6a30BUX aaroputmiB ML
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Information gain from a split:

5 3
InformationGain(s, 4) = Entropy(S) - z % » Entropy(5) Gl
veEValues(d)
where § — original dataset, 4 — feature to spli, 5, — subset after splitting by feature A.

3.3.Random Forest

An ensemble ML method that builds multiple decision trees on random data and feature subsets.
Final predictions are aggregated through voting or averaging.
Mathematical model:
v =mode{hy (x), hy(x), .., he(x)} (4

where h; (x) — i-tree prediction.

3.4.XGBoost

An optimized gradient boosting algorithm that builds a sequence of weak learners, correcting errors
from previous models. It incorporates regularization and speed optimizations.

Objective:
n K {‘”
=) Uy 3+ ) 005)
i=1 k=1
where I — logistic loss, 0(fy) — regularization term.

3.5.Multilayer Perceptron

A type of [ully connected neural network composed of:
«  Input layer;
«  Hidden layers;
*  Oulput layer.
Input vector:

% =[xy, X2, o, x,] € RY (5)
Input transformation:

h=a(WPx+b™) ()

where W — weights, b'Y) — bias, 7 — activation function.

4, Results

To compare the effectiveness of the ML methods, standard elassification metries were used:
Accuracy, Precision, Recall, F1 Score, and ROC AUC. See Table 1.

Table 1
Metrics for ML Methods
Model Accuracy Precision Recall F1 Score ROC aAUC
Logistic
Regression B4 B]1% #3.33% B7.50% B5.37% O1.54%;
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Decision

Tree T9.75% 74.00% Q2.50% 82.22% B4 71%
Random
Forest B6.08% 83.72% Q. 00% HO.75% 94, 78%
XGRoost B6.08% 82.22% Q2.50% H7.06% 94.17%
MLP 82.28% B0.95% B5.00%% H2.93% O0.90%,
CNMN 83.54% 81.40% 87.50% H24.34% O0.38%

All values are normalized within [00.00% — 100.00%]. Using a simple ranking method, the models”
prospects were caleulated:

#  Logistic Regresion — 85.48;
Diecision Tree — 81.43;
Random Forest — 86.91;
XGBoost — 87.04;
MLP — 83.14;

o CNN—8R433;

The best-performing models were ensemble methods (Random Forest and XGBoost), which are
well-suited for multicriteria decision-making and demonstrated high performance i medical tasks.
Results are match and confirm similar research [3].
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