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This article discusses a neural network ensemble algorithm for clinical decision support tasks, using
diabetes prediction as an example. Using an ensemble of models, including convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and long short-term memory (LSTM) networks, improves
the accuracy and robustness of predictions compared to individual architectures. The Dirichlet Ensemble
method, based on the Dirichlet distribution, is used to combine predictions. This method provides flexible
and adaptive weighting of results, taking into account the confidence in each model and data uncertainty.
Experiments included a comparative analysis of the models’ performance, in which RNN demonstrated
superior performance in terms of accuracy, recall, and F1 score. The ensemble approach improved the
reliability and robustness of predictions, which is critical for clinical decision making and minimizing
diagnostic errors. The study confirms the relevance of neural network ensembles and probabilistic fusion
methods in medicine, contributing to the development of digital decision support systems. The practical
significance of this work lies in the potential for integrating the proposed algorithm into real-world
medical information systems to improve the diagnostic quality of diabetes and other chronic diseases.
Further research prospects include expanding the ensemble architecture and optimizing the weights using
adaptive methods.
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KAHT JUABETIH BO/DKAY YIITH HEMPOH/IBIK JXE/II APXUTEKTYPAJIAPBIH
AHCAMBJIBAEY
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Makasnazia KaHT ArabeTiHiH AaMybliH 60/DKay MbICA/bIHAA KIMHUKAJIBIK MIeIIiMAep/i KoiJay Tarchip-
MaJiapbl YIIIiH HeMPOH/IBIK JKeJTiiep/ii aHCcaMOJibZiey a/irOpUTMi KapacThIpbuiaZibl. KOHBOMIOLUS/IBIK HEH-
poHbIK xeminepai (CNN), karitanaHaTbiH HeMpoHABIK kesinepAi (RNIN) >koHe y3ak mMep3imMzi KbICKa
Mep3imai xkazbl (LSTM) >keminiepiH KAMTUTBIH MoOZieJibJiep aHCaMO/TiH Tiaiila/laHy >KeKe apXUTeKTypasap-
[Ibl KOJIIaHYMeH Ca/bICThIPFaHza 60/mKaMIapAbIH, A9/I/iri MeH TYPaKThUTbIFBIH apTThIPyFa MYMKIiH/iK Oe-
peni. Bormkamaapaer Gipiktipy yuriH JupuxieTTiH TapajayblHa Heri3fenreH [Iupuxier aHcamOsi afici
KOJIZIAHbLIa/IbI, OYJ1 9p MOJie/bre XKoHe JepeKTepiH Oesrici3ziriHe CeHiMAIMIKTI eCKepe OTBIPBIIN, HITH-
JKesiepiiH uKeM7i >kaHe GeliiMziesnriiil caMarbiH KaMTaMachi3 eTefli. DKCTIIepUMEHTTep Moe/bAepAiH, ca-
rachiHa Ca/TbICTBIPMAJIBI Tasay >Kyprizai, oaaa RNN ma/fik, )kayanThiiblK xkoHe F1 emiemzepi 60ibIH-
1112 YKaKChl HITWKesiep KepceTTi. AHCaMOJIB/iK Taci/ Go/mKaMAapAbIH, CeHIMiITi MeH TYPaKThUTBIFbIH
YKaKCapTThl, OYI KIMHUKAJBIK, [IelIiMep KaObuiay >KoHe JUarHOCTUKAJIbIK, KaTeliKTepAi a3anTy yIIiH
eTe MaHbI3/bl. 3epTTey LieliMepai KongayabiH HUdpIIbIK >KylienepiH AaMbITyFa bIKIaa eTe OThIPHII,
HEUPOH/IBIK >Ke/li aHCaMOJTb/IEPiH >K9He MeAUI[UHAJaFbl bIKTUMA/IZABIK OipiKTipy o/1icTepiH KO/MZaHyabIH,
©3eKTiJTiriH pacTai/ibl. 2KyMbICTBIH IMPaKTUKA/IbIK MaHbI3bUILIFBI KAHT Ara0eTi MeH 6acka /ja Co3bLIMaIbl
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aypyJsap/bl JUarHOCTHUKaslay CarnachlH apTThIPY YILIH YCbIHBUIFAH aATOPUTM/Ii HAKThI MeJULIMHAJIbIK aKria-
paTTHIK Kylenepre 6ipikTipy MyMKiHAiriH/Ae )aTbIp. Opi KapaiFbl 3epTTey/epAiH Oomaiarel aHCaMOTb
apXWUTEKTyPaChlH KEeHEUTY/i KoHe a/IalTHBTI 3/icTepi KO/JaHa OThIPBIN Tapa3blHbl OHTAWIAH/bIPY/bI
KaMTH/bI.

TyiliH ce3/ep: HeHPOH/BIK XKestinepai aHcambsbaey, Jupuxie Tapaty, CNN, RNN, LSTM, kaHT /ua-
GeTiH 6osKay.

AHCAMBJ/IMPOBAHUE APXUTEKTYP HEMPOHHBIX CETEN I/l TIPOrHO3UPOBAHUSA
JUABETA
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B crarbe paccMaTpyBaeTCs alTOPUTM aHCaMOJIMPOBaHMsI HEMPOHHBIX CeTel [1s 3a/1au IMOoAJePKKU KJTH-
HUUeCKUX pellleHWi Ha IpuMepe MPOrHO3UPOBaHKs pa3BuTHs Aurabera. Vcronb3oBaHue aHCaMOJ1st Mo/ie-
Jiel, BK/IIOUatolero ceeprounbie HelipoHHble ceTu (CNN), peKyppeHTHbIe HeiipoHHbIe ceTd (RNN) u
CeTH C JJ0TOBPEMEHHOU KpaTKoCcpouHoU namsaTero (LSTM), mo3BosisieT MOBBICUTh TOYHOCTh M YCTONYH-
BOCTb Mpe/[CKa3aHUi 10 CPaBHEHHIO C TIPUMEHEHUEM OT/Ie/IbHBIX apXUTeKTYp. [ o0bequHeHus rpe-
ckasaHuii npumensietcss Metog, Dirichlet Ensemble, ocHoBaHHBIM Ha pacripesiesieHuu [Iupuxiie, uTo obec-
revrBaeT TMOKOe U afIalTHBHOE B3BeIIIMBaHKe Pe3y/bTaToOB C YUETOM I0BePUs K KaXKJ0M MO/Ie/TU U HeoTipe-
JleNIEHHOCTH JJaHHbIX. B X0/je 9KCI1iepuMeHTOB MPOBeIEH CPaBHUTE/IbHBIN aHaIu3 KayecTBa Mojeneid, B
kotopoM RNN mnokasasna syuiiive pe3ysibrarbl [10 MeTPUKaM TOYHOCTU, OT3bIBUMBOCTU U F1-mephl. AB-
cam0J1eBbIH MOXO0/], YTy U/ Ha/IEXKHOCTh U CTaOUIbHOCTD MMPOTHO30B, UTO KPUTHUECKU BaXKHO /1151 TIPH-
HATUSI KTMHUUeCKUX PellleHUM U MUHUMU3alMy OLIMO0K JUarHOCTUKU. VcciieoBaHue MOATBEPXK/aeT
aKTya/TbHOCTb TIpUMeHeHUs aHCcaMOJ/ieli HeHPOHHBIX CeTel ¥ MeTO/OB BepOSTHOCTHOTO 00beIMHEHUS B
Me/IML[|He, CTI0COOCTBYS pa3BUTHIO LIM(POBBIX CUCTEM MO/AeP>KKH MPUHATHUS pelineHuil. [IpakTryeckas
3HAUMMOCTh PabOThI 3aK/TFOUAETCS B BO3MO)KHOCTH MUHTErPALiiU TPe/JIOKEeHHOTO a/IfOPHUTMa B peasbHbIe
MeIUI[UHCKYEe MH(OPMAILMOHHbIE CUCTEMBI [IJis TTOBBIIIIEHUS] KaueCTBa AUarHOCTUKY AuabeTa U J[pyrux
XPOHHUYECKHUX 3abosieBaHui. [1epCrieKTUBBI JabHEHIINX UCC/IeI0BAHNUN BK/IIOUAIOT pacIiipPeHUe apXu-
TEKTYp aHCaMOJist ¥ OTITHMH3aLIMI0 BECOB C MCITO/Ib30BaHHEM a/IalI TUBHBIX METO/OB.

KiroueBble c/10Ba: aHcaMO/IMpoBaHHe HeMPOHHBIX ceTel, pacripezienierHue Jupuxie, CNN, RNN, LSTM,
TTPOrHO3WpOBaHKe AuabeTa.

Introduction. The algorithm for ensemble neural - convolutional neural networks (CNN) [6];
network architectures in clinical decision support
tasks is a method in which several different models
are combined to improve the accuracy, stability, and
reliability of the system [1-5]. This approach allows

compensation for errors in individual networks

- recurrent neural networks (RNN) [7];
- long short-term memory (LSTM) networks [8].

The combined use of CNN, RNN, and LSTM
predictions improves forecast accuracy and

and improving the final results by combining their
predictions. In the context of clinical decisions,
this is particularly important, as even minor
errors in diagnosis or prognosis can have serious
consequences.

The decision support system for diabetes
prediction uses an ensemble that includes:

contributes to a more reliable determination of a
patient’ s likelihood of developing diabetes.

Modern medicine faces the need to improve
the accuracy and reliability of clinical decisions,
especially in the diagnosis of chronic diseases such
as diabetes. Despite the development of machine
learning and neural network methods, the accuracy
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of individual models remains insufficient due to the
high heterogeneity and noise of medical data. This
has led to the need to find more effective approaches
to information processing and disease prediction.

Ensembling neural network architecture is one
of the promising areas in medical analytics, as
it allows combining the advantages of different
models and compensating for their weaknesses. An
analysis of recent studies [1-5] shows recognition
of the significance of this approach, but the use
of Dirichlet distribution for optimal weighting of
ensemble predictions in the context of clinical
decision support has not been sufficiently studied.

The object of the study is the process of clinical
decision support using machine learning methods.
The subject is an algorithm for ensemble neural
networks using Dirichlet distribution to improve the
accuracy of diabetes prediction.

The aim of the study is to develop and test a
method for ensemble neural networks (CNN, RNN,
LSTM) using Dirichlet Ensemble to improve the
quality of diabetes predictions.

The research objectives include:

1. analysis of existing ensemble methods in
medicine;

2. development of a Dirichlet Ensemble model
for combining predictions;

3. training and testing neural network models on
medical data;

4. evaluation of the effectiveness of the ensemble
compared to individual models.

The research methods used are machine
learning, deep learning, statistical analysis, and
hyperparameter optimization. It is assumed that
the use of Dirichlet Ensemble will improve the
accuracy and stability of forecasts by adequately

P(pl,pz,...,pK |a1,a2,...

where al,a2,...,aK are hyperparameters, U is
the gamma function, which is a generalization of the
factorial.

,a[()

accounting for uncertainty and the contribution of
each model.

The theoretical significance lies in expanding the
scope of ensemble methods in medical diagnostics,
demonstrating the effectiveness of using Dirichlet
distribution to weight predictions from different
neural network architectures.

The practical significance lies in improving
the accuracy and reliability of clinical decision
support systems, which is especially important in
the diagnosis of chronic diseases such as diabetes.
The developed algorithm can be integrated into
medical information systems to improve the quality
of diagnosis, which helps reduce the risk of medical
errors and improve patient outcomes.

In addition, the study opens prospects for
further research on adaptive ensemble optimization
and expanding the range of models used, which
contributes to the development of personalized
medicine and the digital transformation of
healthcare.

Materials and methods. Within the framework
of this study, the DirichletEnsemble class is used
for coordinated ensemble work, which uses the
Dirichlet distribution to calculate the optimal
weights of models, taking into account their
individual performance indicators [9]. The Dirichlet
distribution is a multidimensional generalization
of the beta distribution and is used to model the
probabilities of several categories, such as classes
in classification tasks, which allows describing the
probability distribution for K classes.

Let us denote the probability for each of the K
classesby pl, p2, ..., K,where pl+p2...4+... pK =
1. The Dirichlet distribution for a K-dimensional
probability vector is given by the following formula

(1) [10]:

a;—1

K K
— Iz ) Hl’i 1)

H,Ii 1 I (a;) i=1

Let there be N models, each of which predicts
the probabilities of an object belonging to classes
pl,p2, ..., pk for the i-model, wherei = 1,2, ... N.
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Using the Dirichlet Ensemble method, these
predictions can be combined using a posteriori
distribution, which is modeled as a Dirichlet
distribution [11].

To aggregate the predictions of each model,
we use the Dirichlet posterior distribution. The
probabilities for each class j in the final prediction
can be written as a model represented by formula

(2) [12]:

Zgil Q; * pij
N
Xis1 9
where: pij is the predicted probability of class
Jj by model i, ai is the weight (or hyperparameter)

that adjusts the contribution of model i to the final
prediction.

p;j = (2)

The hyperparameters al,a2,...,aK can be
updated based on the posterior distribution or

Stage 1. Data preparation

Collecting and uploading data
v

Data preprocessing

v

| Data separation |

Stage 2. Training of basic models

Development of neural network
architectures (CNN, LSTM, RNN)

through optimization methods such as gradient
descent. These parameters can be interpreted as
posterior confidence probabilities for each model.

The main idea is that the Dirichlet distribution
generates probability distributions for classes,
thereby modeling uncertainty in predictions.

Dirichlet Ensemble can be applied to medical
data where there is uncertainty in the predictions
of different models. For example, when classifying
diagnoses based on test results, several models may
give different predictions, and using the Dirichlet
distribution method will allow these predictions to
be combined more accurately, taking into account
the uncertainty of each model and its contribution.

As shown in Figure 1, one of the steps
in the algorithm for ensemble neural network
architectures for clinical decision support tasks is
the use of Dirichlet Ensemble to combine models.

Stage 4. Assessment of the ensemble's
quality

Metric assessment of ensemble
performance

!

| Validation on a test sample

Stage 5. Optimization and refinement of
the ensemble

Configuring the parameters of the

Meural network training

Stage 3. Applying the Dirichlet Ensemble method
to combine models

Getting predictions

Application of Dirichlet Ensemble
|

‘ anplnhlp
Configuring hyperparameters | )
Removing models from the ensemble
¢ with minor results
| Initializing weights | i
v

Using additional techniques

Stage 6. Application of the final model

Applying the final model for
predictions

Y

Updating the scales

The introduction of the final ensemble

Fig.1 - Algorithm for ensemble learning of neural network architectures for clinical decision support tasks

In an ensemble of clinical decision support task
classifiers, each model predicts the probability of

an object belonging to a particular class. Dirichlet
Ensemble combines predictions in a way that
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takes uncertainty into account and distributes
prediction probabilities among classes based on a
posteriori distribution constructed from a Dirichlet
distribution. The weights assigned to each model’ s
predictions are based on the Dirichlet distribution,
which allows for more flexible and efficient
aggregation of results.

The following advantages of ensemble learning
for clinical decisions can be highlighted:

— ensemble learning reduces prediction error, as
the weaknesses of one model can be compensated
for by another model;

— models trained in different data subsamples or
using different architectures may be more robust to
noise in medical data;

— ensemble learning improves the overall

reliability of predictions, which is critical for
clinical decision-making, especially in life-
threatening situations.

This approach makes the system more flexible
and robust, which is important in the context of high
uncertainty and heterogeneity of medical data.

Results and discussion. During data preparation,
the samples are divided into training and test
sets. The data is adapted for CNN, and the target
variables are encoded using one-hot encoding. The
CNN architecture includes two convolutional layers
with pooling, a Flatten layer, fully connected layers
with Dropout, and a softmax output for two classes.
Training with categorical cross-entropy and Adam
is accompanied by validation on the test sample.
The results are evaluated using loss and accuracy
graphs (Fig.2).

wwadarion

rrrrr

Fig.2 - Loss and accuracy graphs

CNN classification report in Table 1.

Table 1 - CNN classification report

Position Precision | Recall | f1-score | Number of samples
False 0.66 0.82 0.73 4782
True 0.77 0.59 0.66 4800
macro avg 0.72 0.70 0.70 9582
weighted avg 0.72 0.70 0.70 9582

The CNN error matrix is represented by formula (3):
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[3926 856]
[1988 2812]

|

CNN achieved macro F1 = 0.70; instability is
observed during validation.

3)

LSTM uses input sequences of 38 steps, 50

hidden neurons, fully connected layers with ReLLU

and Dropout, Adam (Ir=0.001), 500 epochs, batch =
512. The loss and accuracy graphs (Fig.3.37) show
an increase in accuracy to ~65% without significant
overfitting. Macro F1 = 0.69.

The LSTM classification report is in Table 3.9,
and the error matrix is in formula (2).

Table 2 - Classification report for the LSTM model

Position Precision | Recall | fl-score | Number of samples
False 0.67 0.74 0.70 4782
True 0.71 0.64 0.67 4800
macro avg 0.69 0.69 0.69 9582
weighted avg 0.69 0.69 0.69 9582

The LSTM error matrix is represented by formula

() [3521 1261] ]

[1725 3075]

As shown in Figure 3, the accuracy graph
demonstrates that both the training and validation
sets show an increase, stabilizing at around 65%.
This gradual increase and stabilization indicate that
the model benefits from long-term training without
significant overfitting, as the validation accuracy
closely follows the training accuracy.

The RNN is built on SimpleRNN (50 neurons)
with fully connected layers, ReLLU, and softmax.
Training with Adam (0.001) demonstrates a

4)

decrease in losses and an increase in accuracy
(Fig.4), but with fluctuations in validation. Macro
F1 = 0.73, overall accuracy — 74% (Table 3.10),
better determines the False class.

The accuracy graph shown in Figure 3.38
reflects that the accuracy on the training data
gradually increases, which is good for model
training. However, the accuracy on the validation
data, although increasing, shows some instability,
which may be a sign of overfitting or insufficient
generalization ability of the model.

The classification report for the RNN model is
presented in Table 3.

oe234

Fig.3 - Loss and accuracy graphs for the LSTM model
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The RNN error matrix is represented by formula
(3.3):

In the study of ensemble methods (Decision Tree,

Epacn

Fig.4 - Loss and accuracy graphs for the RNN model

Table 3 - Classification report for the RNN model

GradientBoosting

Position Precision | Recall | fl1-score | Number of samples
False 0.70 0.81 0.75 4782
True 0.78 0.66 0.71 4800
macro avg 0.74 0.73 0.73 9582
weighted avg 0.74 0.73 0.73 9582

AdaBoost, Random Forest, Extra Trees, Gradient
Boosting), gaps were filled with medians, and
cross-validation was used (Fig.5, 3.40). AdaBoost
showed the highest average accuracy of 0.915,
while Gradient Boosting showed the worst result.

)

[3884 898]
[1646 3154]

Cross-validation scores with Error Bars

ExtraTrees [
RandomForest |
AdaBoost

DecisionTree |

0.0 0.2 0.4 0.6 0.8
Mean Accuracy

Fig.5 - Results of cross-validation of machine learning algorithms
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Hyperparameter optimization using GridSearchCV and EstimatorSelectionHelper revealed Gradient-
BoostingClassifier as the leader in terms of max_score (Fig.6).

estimator min_score mean_score max_score  std_score learning_rate max_depth max_features n_estimators

41 GradientBoostingClassifier 0910952 0.914678  0.917058 0.00266821 MaM 9 auto 500
37 GradientBoostingClassifier  0.874507 0.876104  0.877888 0.00138689 MaM 7 auto 500
39 GradientBoostingClassifier  0.866804 0.870875  0.874319 0.0030996 MaM 9 sgrt 500
40 GradientBoostingClassifier 0861732 0.866491 0.873943 0.00533642 MaMN 9 auto 200
36 GradientBoostingClassifier  0.799361 0.809569 0.81796 0.00770064 NaN 7 auto 200
38 GradientBoostingClassifier ~ 0.797577 0.802774 0.812324 0.00676151 NaN 9 sgrt 200
33 GradientBoostingClassifier ~ 0.787808 0.793037 0.803119 0.00713072 NaN 5 auto 500
35 GradientBoostingClassifier 0792316 079504  0.798892 0.00280016 MaM 7 sgrt 500
32 GradientBoostingClassifier  0.714071 0723402  0.739339 0.011324 MaM 5 auto 200
34 GradientBoostingClassifier 0724497 0730603  0.739245 0.00628198 MaMN 7 sgrt 200
31 GradientBoostingClassifier 0.70928 0.715389 071858 0.00431883 MaM 5 sgrt 500
29 GradientBoostingClassifier  0.677156 0.687927 0.694345 0.00766274 NEL 3 auto 500
30 GradientBoostingClassifier 0.66269 0.671301 0.681007 0.00751782 NaN 5 sgrt 200
17 RandomForestClassifier  0.664475 0.6697598 0.67894 0.00649393 NaN 9 NaM 500
16 RandomForestClassifier 0661845 0.688671 0.678753 0.00727648 NaN 9 REL 200
28 GradientBoostingClassifier  0.646158 0651919  0.659215 0.00543959 MaM 3 auto 200
27 GradientBoostingClassifier 0631831 0.643653  0.652452  0.0086575 MaM 3 sgrt 500
24 ExtraTreesClassifier 0639019 0.643966 0.652076 0.00578036 NaN 9 MaN 200
25 ExtraTreesClassifier 0841368 0.645082 0651418 0.00451417 NaN 9 ManN 500
15 RandomForestClassifier ~ 0.630378 0.638111 0.649258 0.00807682 NaN 7 NaM 500
14 RandomForestClassifier 0634135 0.639959 0.649164 0.00658507 NaN 7 NaN 200

E DecisionTreeClassifier 0.63282 0.640522  0.645501 0.00552365 NalN 9 NaN NaN
26 GradientBoostingClassifier 0626243 0630315  0.636285 0.00431974 MaM 3 sgrt 200
23 ExtraTreesClassifier 06511497 0.618701 0.633853  0.0100495 NaN 7 MNaN 500
22 ExtraTreesClassifier 0.60774 0.615662 0.628687  0.0092818 NaN 7 ManN 200
13 RandomForestClassifier 0609243 0.616601 0.628311 0.00837079 NaN 5 MaN 500
12 RandomForestClassifier 0.605298 0.615787 0.627841 0.00926975 NaN 5 NaN 200

2 DecisionTreeClassifier  0.502574 0.608807 0.618354 0.00650916 NalN 7 MNaN NaM

9 AdaBoostClassifier 0.502386 0.60702 0.614785 0.00552489 01 NaN REL 500
10 RandomForestClassifier  0.583693 0.556374 0.611028 0.011246 NaN 3 MNaN 200
21 FytraTreasClassifier 0590264 0567564  NAINAS? N.NNA774R3 NaN 5 NaN 500

Fig.6 - Summary of GridSearchCV execution results

Hyperparameter optimization using GridSearchCV and EstimatorSelectionHelper revealed Gradient-
BoostingClassifier as the leader in terms of max_score (Fig.6).

Train Accuracy Test Accuracy Precision Recall F1 Score

Model
DecisionTree 0.858347 0.641202 0.684452 0526458 0.595148
AdaBoost 0.590222 0.585055 0.623501 0433333 0511308
RandomForest 0.688853 0.671467 0.696943 0.608958 0.649939
ExtraTrees 0.858481 0.643394 0.671887 0563125 0612717
GradientBoosting 0.958356 0.916301 0970132 0839375 0911401

Fig.7 - Results of evaluating various machine learning classifiers

A comparative graph of metrics is shown in Fig.8.
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Fig.8 - Comparison chart of various quality metrics for selected machine learning algorithms

The LSTM and RNN ensemble (DirichletEnsem- show an increase in accuracy during training and

ble) distributes weights according to ROC AUC
and combines predictions. The graphs (Fig.9)

fluctuations during validation.
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Fig.9 - Graph of losses and accuracy of ensemble training of LSTM and RNN models
Based on the results presented above, we can clinical decision support tasks. Combining

conclude that RNN outperformed all other models

based on deep neural networks that were built.

Compared to other models, RNN has the highest
average accuracy, responsiveness, and fl-score,
exceeding 0.74. The RNN model uses four hidden
layers to maintain simplicity and increase reliability
during retraining. The hidden layers use the ELU
activation function along with standard kernel
initializers. A sigmoid activation function is used
at the output level for prediction. This approach
is consistent with scientific methodology, while
remaining accessible to understanding.

Conclusion. The study confirmed the
effectiveness of neural network ensembles in

different architectures (CNN, RNN, LSTM) within
the Dirichlet Ensemble compensated for the
weaknesses of individual models and improved
the accuracy of diabetes prediction. The Dirichlet
distribution method provided flexible weighting
of predictions, considering the confidence in each
model and the uncertainty of the results.

A comparative analysis showed that among the
individual architectures, RNN demonstrated the
best performance (macro F1 > 0.74), which is
associated with its ability to effectively process
temporal dependencies in data. Among the classical
ensemble algorithms, GradientBoostingClassifier
demonstrated the highest accuracy.
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In general, the use of ensemble strategies in to expand the set of architectures in the ensemble,
medical decision support systems increases the optimize weights using adaptive methods, and
reliability of predictions and resistance to noise, integrate the proposed system into real clinical
which is especially important in the diagnosis of scenarios.
diseases. A promising direction for further work is
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