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This article presents a methodology for optimizing Bayesian neural networks and their application to complex prediction
tasks, with a focus on diagnosing Alzheimer’s disease. Alzheimer’s is a neurodegenerative condition where early detection is vital for
initiating timely interventions and improving patient outcomes. The proposed methodology includes determining the optimal
structure of classical neural networks by performing grid search to identify the best combination of layers and neurons. The
architecture identified through cross-validation forms the basis for constructing Bayesian neural networks, where wejghts derived
from classical models are utilized as prior distributions. This integration improves prediction accuracy while preserving the Bayesian
network’s capacity for quantifying uncertainty.

Bayesian models are trained using Markov Chain Monte Carlo methods, with experiments exploring the impact of prior
distribution parameters, including variations in means and standard deviations. Results show that a mean value of zero and a
standard deviation of 2.5 yield optimal outcomes, minimizing classification error while balancing uncertainty estimation. Increasing
the standard deviation improved performance up to a threshold, beyond which further gains were statistically insignificant. The
ability of Bayesian neural networks to incorporate uncertainty provides critical advantages for decision-making in medical contexts,
particularly in scenarios involving incomplete or noisy data.

The findings demonstrate that Bayesian neural networks based on optimized classical architectures can effectively
address prediction tasks in high-stakes domains like medicine. By leveraging prior knowledge, the proposed approach reduces
training time and enhances model performance, offering a robust framework for diagnosing Alzheimer’s disease. Future research
will explore automating structural optimization, assessing the impact of different prior distributions, and extending this methodology
to other neurodegenerative disorders.

Keywords: Bayesian neural networks, Alzheimer's disease prediction, machine learning, a priori distributions, deep
learning.

Cepriit TJTAJITOJIOB, Onexciit KO3AYKO

BiHHuUBKHIT HALLIOHABHNH TEXHIYHUIT YHIBEPCHTET

NEPEJIBAYEHHSI XBOPOBU AJIBIIT'EMMEPA 3A JOITIOMOI'OI0 BAMECOBUX
HEWMPOHHUX MEPEK

Y Ui crarri npegcTaBieHo METOZOMION0  ONTUMIBALIT GarieCiBCLKMX HEMPOHHUX MEPEX Ta IX 3aCTOCyBaHHS A0
KOMIIEKCHUX 33434 MPOrHO3yBaHHs, 3 AaKYEHTOM Ha JiarHocTuyi XBopobu Asbuyresmepa. XBopoba Anburesimepa €
HEVPOAEreHEPATUBHUM CTAHOM, DPAHHE BUSIBIEHHS SIKOFO € XXUTTEBO BaXJ/MBUM /JJ18 [10YATKy CBOEYACHOMO BTPYYaHHS Ta
TIOKPALLYEHHS PEe3Y/IbTATIB JIKYBAHHS. 3arporioHOBaHa METOHOJIONS BKIIOHYAE BUHAYEHHST OMTUMA/IbHOI CTDYKTYPU KAACUHYHUX
HEVPOHHUX MEDEX LU/IIXOM [IPOBEAEHHS MOLWYKY 110 CiTUi A/1S BUSB/IEHHS HAVIKpaLLoi KOMOIHaLI Lwapis i HEVpPOHIB. ApXiTeKTypa,
BU3HAYEHa LL/IXOM KPOC-BanifaLlii, € OCHOBOKW /151 106YA0BU BANECIBCLKUX HEVIDOHHUX MEPEX, A€ Bary, OTDUMAEHI 3 K/I1acuyHux
MOJEIEY, BUKOPUCTOBYIOTLCS B SKOCTI aPaMETPIB anpiopHnx PO3roginiB. Taka IHTerpavis MigBuiLye TOYHICTb [TPOrHO3YBAaHHS,
36epiraroyn rpu LibOMy 34aTHICTb BANECIBCLKOI MEPEXT A0 KifTbKICHOI OLIIHKH HEBU3HAYEHOCTI.

BbavieciBcoki MOAEN HAaBYatoOTbCS 33 JOMOMOrol0 MeTogy MOHTe-Kapsio MapKOBCHKUX JIGHUIOMNB, @ eKCIIepUMEHTH
AOCTIKYIOT  BI/IMB  ArpiopHUX apamMeTpis po3riogifly, BK/IOYAIOYN Bapiallii CEPEAHIX 3HAYEHb | CTAHAAPTHUX BIAXWIEHS.
Pe3ynibTatv OKa3yroTh, O CEPEAHE 3HAYEHHS, PIBHE HYJIO, | CTaHAGPTHE BIAXWIEHHS 2.5 A&IOTb ONTUMA/IbHI pE3Y/IbTaTy,
MIHIMI3YIOYN TOXMOKY KAGCU@DIKaLIT | 363/1aHCOBYIOYN OLIIHKY HEBU3HAYEHOCTI. 30i/IbLIEHHST CTAHAGPTHOIO BIAXWIEHHS TOKPaLLye
NPOAYKTUBHICTE [0 [IEBHOMO [10POrOBOrO 3HAYEHHS, 33 SKUM [104A7bLMA MPUPICT € CTaTUCTUYHO HE3HAYYLUMM. 34aTHICTD
BaVIECIBCLKMX HEHPOHHNX MEPEX BPaxoBYBaTH HEBU3HAYEHICTb HAAAE KPUTHYHI epeBarvt /1S MPMHATTS pilleHb Yy MEANYHOMY
KOHTEKCTI, OCO6/IMBO B CLIEHAPISIX, OB A33HNX 3 HEMOBHUMU ab0 3alLyM/IEHUMU JaHUMA.

Pe3ysibTati fAOC/IMKEHHS [AEMOHCTPYIOTh, O OAUECIBCLKI HEVPOHHI MEDEXI Ha OCHOBI OMTUMI30BAHNX K/IACHYHUX
apXiTeKTyp MOXYTb €QPEKTUBHO BUPDILLYBATH 334a4i POrHO3yBaHHA B Takux BIAMOBIJA/IbLHUX Cepax, SK MEAULNHA.
BUKOPUCTOBYIOYM  arPIOPHI  3HAHHS, 38IPOIMOHOBAaHMA  IMiAXIJ CKOPOYYE Yac HaBYaHHS | MgBULLYE TPOAYKTUBHICTb MOJEST,
TIDOMOHYIOYM HAAIWIHY OCHOBY A/1S 4IarHOCTUKN XBOPoOU AfbLredmMepa. 1ogarslui JOCIIKERHS ByayTe MPUCBIYEH aBToMaTu3alii
CTPYKTYPHOI OITuMIzaLlii, OLiHL BI/IMBY PI3HUX arpiopHUX PO3roginiB Ta MOLMPEHRHIO Ll METOZO/IOrT Ha iHLLI HevpoAereHEPaTUBHI
po3aagn.

Kito4oBi ¢/10Ba: baniecoBi HEVPOHHI MEDEXI, MPOrHO3yBaHHS XBOPOOU A/IbLIrediMEDE, MALUMHHE HABYaHHS, arpiopHi
PO3r104i/H, 7IMOOKE HaBYaHHSI.

Introduction

Alzheimer's disease is one of the most widespread neurodegenerative conditions worldwide, characterized
by severe cognitive decline that eventually leads to a complete loss of independence. Since the disease progresses
irreversibly, current treatment strategies are limited to slowing its advancement. As such, early detection is crucial to
enable timely therapeutic measures, which can substantially improve the quality of life for those affected [1]. Given
the disease's complexity and the multifactorial nature of its underlying causes, traditional predictive models like
logistic regression often fail to capture all interdependencies and risk factors effectively. In contrast, neural
networks, which have already shown significant success in addressing classification and prediction challenges

42 MDKHAPOJIHHI1 HAYKOBUI XXYPHAJT

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES», 2025, Ne 1


https://doi.org/10.31891/csit-2025-5-5

INTERNATIONAL SCIENTIFIC JOURNAL ISSN 2710-0766
«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES»

across various domains, offer a promising alternative for the early diagnosis of Alzheimer's disease. However, these
models do not provide uncertainty estimates, which is a crucial aspect in medical diagnostics [2].

At the same time, Bayesian neural networks, which combine the power of neural networks with the
probabilistic approach of Bayesian methods, allow not only for making predictions but also for quantitatively
assessing the confidence in the results. This enables the consideration of risks and facilitates more informed
decision-making in uncertain conditions, which is particularly important in the medical field. Thus, the task lies in
exploring the potential of Bayesian neural networks for predicting Alzheimer's disease and comparing their
effectiveness with classical methods [3].

Analysis of Research and Publications

The early diagnosis of Alzheimer's disease remains a prominent focus in both medical diagnostics and
machine learning research. Numerous studies emphasize the application of diverse models to facilitate early
detection of the disease, including both classical statistical approaches and modern deep learning methods [4].

Classical methods, such as logistic regression, have long been used to model the probability of disease
occurrence based on a set of predictors, including demographic, clinical, and genetic factors. For example, in studies
[5, 6, 7], the effectiveness of logistic regression was demonstrated for predicting Alzheimer's disease using
traditional clinical data, such as the results of neuropsychological tests. However, these methods are often limited in
their ability to account for complex nonlinear interactions between features.

In light of this, an increasing number of researchers are turning to neural networks, which can model
complex nonlinear relationships. Studies [8, 9, 10, 11] have shown that classical neural networks can achieve high
accuracy in predicting Alzheimer's disease using both structured clinical data and unstructured data, such as medical
images. However, the main issue with neural networks is the lack of tools for providing uncertainty estimates in
their predictions, limiting their use in critical areas such as medicine.

Bayesian neural networks offer a solution to this problem by integrating the principles of the Bayesian
probabilistic approach into deep learning. They not only allow for making predictions but also provide information
about the uncertainty of those predictions. Studies [12, 13, 14] have shown that Bayesian neural networks can be
effective in medical diagnostics, allowing uncertainty in predictions to be accounted for, and supporting more
informed decision-making in high-risk situations.

However, as studies [15, 16] indicate, Bayesian neural networks often underperform compared to classical
neural networks in terms of prediction accuracy due to the complexity of optimization and the selection of prior
distributions. Special attention is given to the use of prior information from classical neural networks for initializing
Bayesian models [17]. This approach allows for improved prediction accuracy while retaining the advantages of
uncertainty estimation, significantly enhancing the effectiveness of Bayesian neural networks in medical diagnostic
tasks, particularly in predicting Alzheimer's disease.

Formulation of the Article’s Objectives
The goal of this work is to develop a methodology for constructing and optimizing the structure of
Bayesian neural networks for predicting Alzheimer's disease, taking into account the longer training time compared
to classical neural networks. The research aims to:

1) Determine the optimal architecture of a classical neural network using
grid search, varying the number of layers and neurons to obtain the most efficient structure.

2) Compare the performance of models based on the F1 metric using
cross-validation to identify the best classical neural network architecture.

3) Develop a Bayesian neural network using the optimal architecture
derived from the classical network.

4) Perform experiments with various prior distributions in Bayesian
neural networks to analyse their effects on prediction accuracy and uncertainty estimation.

5) Identify the most suitable parameters for prior distributions that reduce

classification errors while maintaining high prediction accuracy.
This approach aims to enhance not only the overall effectiveness of Bayesian neural networks but also
reduce their training time, which is critically important for their further application in medical diagnostics.

Presentation of the Main Material

For the research, the "Alzheimer's Disease Dataset" [18], available on the Kaggle platform, was used. This
dataset contains information on six categories of patients. These categories include demographic data such as
gender, age, education, and ethnicity; lifestyle-related information such as body mass index, smoking, alcohol
consumption, hours of physical activity, and the quality of diet and sleep; the presence of other diseases in the
patient or family history; clinical measurements of blood pressure and lab tests; and cognitive ability assessments.
The target variable is the diagnosed presence of Alzheimer’s disease. The dataset consists of 2,149 records.

To ensure high-quality predictive models and avoid potential errors during the training of machine learning
algorithms, data preprocessing was performed at the initial stage. Below are the key steps of this process:
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1. Removing technical information: The dataset contained two columns with anonymized patient data.

Since these columns did not provide useful information for further analysis, they were removed.

2. Data scaling: As the features in the dataset had different ranges of values, scaling methods were applied

to normalize the data using the MinMaxScaler. This approach transforms the feature values into the range of 0 to 1,
ensuring an even contribution of each feature to the modelling and facilitating faster and more stable performance of
the models.

3. Class balancing: Since the original dataset had an imbalance between classes (patients with Alzheimer's

disease and those without it, see Fig. 1), the oversampling method was applied to balance the classes by increasing
the number of examples in the underrepresented class.

These steps helped reduce the risk of overfitting to the majority class and ensured more accurate

predictions.

Target variable distribution

Alzheimer's Disease Diagnosed

Alzheimer's Disease Not Diagnosed

Fig. 1. Target variable class distribution

4. Splitting into train and test sets: The data was split into training and test sets in an 80:20 ratio. Training

was conducted using the cross-validation technique.

Let’s formalize the binary classification task for predicting Alzheimer’s disease. Let us define
D = {Ce, v} o (1)

where:

x; € R is the feature vector of patient i from the space R%;

v; € {0,1} isthe class label (1 - Alzheimer’s diagnosed, 0 - not diagnosed) for patient i;

N is the number of examples in the dataset (2149);

d is the number of features after data preparation (32).

For the neural network model, we need to find f(x,8):R* — [0,1], where @ represents the model

parameters predicting the membership of vector x; to class 1.

The function f(x, 8) consists of L layers, and for each layer I, the following are defined:

z® € R™ s the vector of linear combinations in layer |, where n; is the number of neurons in the layer;
a® € R™ is the activation of neurons after applying the activation function to z®®, a(® = x;

w® e Rm*™i-1 s the weight matrix for connections between layers | and (I-1);

b® € R™ is the bias vector for layer I.

For layer I, the output linear combination for the neurons is computed as:

7O = Wwa-1 4 p® (2)

The activation of each layer is computed as:
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a® = o(z0),

where o (z) is the sigmoid activation function.
The error function for binary classification is defined using cross-entropy as:

1 N
L©O) ==~ ) (i log G + (1 =y log (1= 5), )

where 7, = a® is the predicted class by the model, and y; is the true class label.
Model training is performed using the gradient descent method:

9+ = 9 — v, L(H), (5)

where 7 is the learning rate coefficient, and V,L(8) is the gradient of the error function with respect to the
parameters 6.
Bayesian neural networks are based on the Bayesian approach to probability theory and Bayes' theorem:

p(@)p(D16)

p(8ID) =,

(6)

where p(6@) is the prior distribution of the parameters, p(6|D) is the posterior distribution of the
parameters, p(D|0) is the likelihood, and p(D) is the normalizing constant, representing the probability of the data
integrated over all possible parameter values.

We define the prior distributions of the Bayesian neural network parameters 8 = {W®, b}, which reflect
the initial belief about the parameter values:

Wi ~ N(iy, o), ;P ~ N(up, 0,2, (7)

where u,,, 4, are the mean values, and oy, g, are the standard deviations.
For binary classification, the distribution of the target variable y is defined as a Bernoulli distribution with
parameter p, equal to the output of the last layer of the network:

y ~ Ber (J(WLa(L_l))) (8

Training of Bayesian models is performed using Markov Chain Monte Carlo (MCMC) methods.

The practical experiments followed the structure below:

1) Selection of neural network architectures: To determine the optimal architecture of the classical
neural network, the grid search method was applied. During the search, the number of layers and the number of
neurons in each layer were varied to identify the most efficient combination of parameters.

2) Determining the optimal model: Cross-validation was used to assess the efficiency of the models,
which helped identify the best neural network architecture based on the averaged F1 score metrics.

3) Construction of the Bayesian neural network: Based on the identified architecture of the classical
neural network, an equivalent Bayesian neural network was constructed.

4) Testing with different prior distributions: A grid search of the prior distribution parameters for the
Bayesian neural network was conducted, where the mean values and standard deviations were varied.

5) Selecting the best parameters: Based on the test results, the optimal prior parameters were selected,

which minimized classification error and maximized prediction accuracy.

The models were implemented using the Python programming language and the libraries Scikit-learn and
PyMC. The scheme of the constructed Bayesian neural network is shown in Fig. 2.

The experimental results indicated that the best architecture for the classical neural network was a two-
layer structure with 10 neurons in each layer.

Experiments with the parameter search for the Bayesian neural network showed that with increasing
uncertainty, due to a higher standard deviation of the prior distribution, the training time of the model increased,
while its performance improved. However, when the deviation exceeded 2.5, the improvement in prediction
accuracy was within the statistical margin of error. The optimal prior distribution parameters were found to be a
mean value of 0 and a standard deviation of 2.5. The optimal mean of 0 can be explained by the fact that both
positive and negative weights are equally important for the model, and deviations from 0 lead to a decrease in model
quality. The performance metrics of the best neural network, as well as the best and worst Bayesian neural networks,
are presented in Table 1.
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Data

X

obs_id (430) x predictors (32)

predictors (32) x hidden_layer_1 (10) idden”layer_2 (10)

obs._id (430)

Fig. 2. Bayesian neural network architecture scheme

Table 1
Model performance metrics
Accuracy Precision Recall F1
Classical Neural Network 0.8209 0.7354 0.7535 0.7181
Bayesian Neural Network (u = 1,0 = 0.5) 0.8047 0.9158 0.5337 0.6744
Bayesian Neural Network (1 = 0,0 = 2.5) 0.9000 0.9225 0.8037 0.8590

Conclusions from this research and prospects for further studies

In the course of this research, a methodology for searching the structure of Bayesian neural networks was
developed, taking into account the training duration of these models in comparison to classical neural networks. In
particular, it was demonstrated that initially determining the optimal number of layers and neurons in classical
neural networks is an effective approach to reducing training time and improving the performance of Bayesian
models.

The beginning of the work was focused on finding the optimal architecture of the classical neural network,
which provided the necessary parameters for further work with Bayesian networks. This stage included a detailed
analysis of different architectures and key parameters which include the number of layers, the quantity of neurons
per layer, and the implementation of regularization techniques to mitigate overfitting.

Future directions for research in this domain:

1. Enhancing methodological approaches: Creating novel algorithms to automate the process of
identifying optimal Bayesian neural network architectures could substantially decrease training time and enhance
model performance.

2. Examining prior distribution effects: Analysing the impact of diverse prior distribution types on
the efficacy of Bayesian neural networks, particularly in the context of medical data, may offer new opportunities
for improving models.

3. Combined approaches: Integrating results obtained using other machine learning algorithms,
such as decision trees or boosting methods, to improve the estimation of distribution parameters could become a
promising research direction.

4, Extended application in medical practice: Exploring the possibilities of applying this
methodology to other neurodegenerative diseases, as well as to clinical practice in general, could significantly
expand the application boundaries of the developed models.

5. Uncertainty estimation in predictions: Further research on methods for estimating the
uncertainty of predictions made by Bayesian neural networks could assist doctors in making more informed
decisions in complex clinical situations.
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