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DEVELOPMENT OF AN ALGORITHM FOR AUTOMATIC ANALYSIS OF
BIOMEDICAL IMAGES IN CARDIOLOGY USING MACHINE LEARNING
METHODS AND PROSPECTS FOR FURTHER ANALYSIS

Abstract. This paper examines methods for the automatic analysis of biomedical images in
cardiology using machine learning techniques. The relevance of the study is determined by the
need to improve the accuracy of cardiovascular disease diagnosis through automated processing
of heart and capillary images. The study focuses on analyzing data obtained from digital
microscopes and electrocardiographs, emphasizing the identification of key diagnostic features.
The proposed approach includes image preprocessing, noise removal, feature extraction, and
classification based on principal component analysis (PCA) and neural network models. The
preprocessing phase involves image filtering, segmentation, and data normalization. The study
employs machine learning classification algorithms and deep learning techniques adapted for
medical image analysis. Performance evaluation criteria and training parameters are examined
to enhance diagnostic efficiency and ensure model generalization. Particular attention is paid to
the biological safety aspects related to biomedical data processing, including personal data
protection and classification accuracy. The study also evaluates the robustness of different models
to variations in image quality and external factors. Additionally, it discusses the integration of
machine learning-based image analysis with medical decision support systems for improved
diagnostic precision. The paper analyzes the limitations of existing algorithms and suggests
directions for their further improvement, including adaptation to different types of data and
complex clinical scenarios. Future research perspectives include the optimization of feature
extraction methods, refinement of classification algorithms, and the development of hybrid models
that combine multiple approaches to improve diagnostic accuracy. Thus, the presented review of
machine learning methods and biomedical image analysis algorithms identifies the most effective
approaches for automated cardiovascular disease diagnosis and highlights the prospects for
further development of intelligent medical systems.

Keywords: machine learning, artificial intelligence, neural networks, biomedical image
processing, cardiology.

Introduction.
In recent years, automated analysis of biomedical images has become an important
component of modern diagnostics, especially in the field of cardiology. The growth of data
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volumes obtained using digital microscopes, electrocardiographs and other medical devices
requires the development of effective methods for processing and interpreting information. This
data is critical for the detection and diagnosis of various diseases, especially in the early stages,
which allows for increased accuracy of medical opinions and a better prognosis for patients.

This study aims to create an algorithm for automatic analysis of biomedical images of the
heart obtained using a digital microscope, as well as images and video fragments of capillaries.
Analysis of these data allows us to evaluate the shape of capillaries, measure blood flow velocity
and detect anomalies associated with the cardiovascular system. In addition, information about the
functioning of the heart is extracted using electrocardiography. Attention is paid to heart rate
variability and the shape of the ECG wave, which allows us to detect various pathologies, even at
an early stage, and determine the physiological state of the patient, including physical activity and
other factors. Automation of biomedical image analysis not only speeds up the data processing
process but also reduces the likelihood of human error.

Cardiovascular diseases (CVDs) remain one of the leading causes of mortality worldwide
and in Kazakhstan, accounting for over 30% of all deaths [1,2]. Timely and accurate diagnosis
plays a key role in reducing mortality rates and improving the quality of healthcare. However,
traditional methods of ECG interpretation and visual analysis of vascular images rely heavily on
the specialist’s qualifications, are prone to subjective errors, and lack full automation [3].

In our previous work, we investigated the optimization of neural network architectures for
predicting coronary heart disease using clinical and electrocardiographic data, demonstrating that
feature selection and correlation-aware learning strategies can significantly improve predictive
performance [4]. Building upon these findings, the present study extends the analysis toward
multimodal biomedical data, including capillary microscopy images and advanced preprocessing
techniques, with a focus on improving robustness and clinical applicability.

The development of digital technologies has opened new possibilities for the automated
analysis of biomedical images using machine learning (ML) and deep learning (DL) methods.
Recent studies have demonstrated that convolutional neural networks (CNNs) and other DL
architectures achieve high diagnostic accuracy in detecting arrhythmias, ischemic events, and
other pathologies [5], [6], [7]. In addition, advanced image filtering and signal preprocessing
methods have been proposed, including Gaussian filtering, median filtering, and wavelet
transforms, which significantly improve input data quality [8].

Despite this progress, most existing solutions focus on a single data modality (e.g., ECG or
vascular images only) and rarely address the integration of heterogeneous data sources, biomedical
information security, or compliance with regional healthcare standards [9], [10].

Thus, a key scientific problem lies in the absence of universal solutions that can
simultaneously ensure high diagnostic accuracy, noise robustness, multimodal data integration,
and compliance with biomedical safety requirements in the context of modern healthcare. The aim
of this study is to develop an automatic biomedical image analysis algorithm for cardiology using
machine learning methods, capable of analyzing capillary images, video fragments, and ECG
signals with high diagnostic accuracy, robustness, and biological data protection.

Along with the rapid development of machine learning techniques, increasing attention has
been paid to the problem of data quality and reliability in biomedical image analysis. Biomedical
images and physiological signals are often affected by noise, artifacts, and variations in acquisition
conditions, which may significantly reduce the performance of automated diagnostic systems. In
cardiology, such distortions can arise due to patient movement, variability in sensor placement,
illumination conditions in microscopy, or electrical interference in ECG recordings. Therefore,
robust preprocessing and filtering methods play a critical role in ensuring stable feature extraction
and reliable model performance.

Another important aspect of modern biomedical diagnostics is the growing interest in
multimodal data analysis. Cardiovascular diseases are complex and multifactorial in nature, and
their manifestation cannot always be fully captured by a single type of data. The combination of
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heterogeneous information sources—such as ECG signals, capillary microscopy images, and
clinical metadata—allows for a more comprehensive assessment of cardiovascular function.
Multimodal approaches have been shown to improve diagnostic accuracy by capturing
complementary physiological characteristics, thereby providing a more holistic representation of
patient health status.

In addition to technical challenges, the practical deployment of automated diagnostic
systems requires consideration of clinical interpretability and integration into existing healthcare
workflows. Medical decision support tools must not only achieve high predictive accuracy but also
align with established clinical indicators and diagnostic scales to ensure trust and acceptance
among healthcare professionals. Consequently, the development of automated cardiology analysis
systems should focus not only on algorithmic performance but also on robustness, interpretability,
and compatibility with real-world clinical environments.

Materials and methods.

To implement automatic analysis of biomedical images and cardiological signals, a deep
learning model based on a convolutional neural network (CNN) was employed. CNN-based
architectures have proven to be highly effective in solving diagnostic tasks in medical imaging [5],
[6], [11]. The architecture and parameters of the model were selected considering the visual and
temporal complexity of the input data. The CNN consisted of three convolutional blocks, each
using 3x3 kernels with 32, 64, and 128 filters respectively, and the ReLU activation function. Each
convolutional block was followed by Batch Normalization and MaxPooling layers to stabilize
learning and reduce feature map dimensionality. A Dropout layer (p = 0.3) was applied to mitigate
overfitting, followed by a flattening layer and two fully connected layers: one with 128 neurons
and a final output layer with softmax activation for multiclass classification. The overall structure
of the proposed convolutional neural network is illustrated in Figure 1. The architecture includes
key stages such as convolutional-pooling operations, feature flattening, and fully connected layers,
culminating in a softmax-based output.

Input Conv—Pool Flatten Dense Output
(ECG signal frames (Feature maps: (1D feature vector) (Fused representation (Risk class /
+ Capillary images) Probability score)

edges, textures, — after PCA)
signal patterns) J [ N | |- ‘
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P(CVD) = 0.87

'

Class: High
Risk
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Figure 1 — Schematic representation of the convolutional neural network model architecture.

Training Parameters. The model was trained using Keras and TensorFlow libraries with the
following parameters:

— Epochs: 50

— Batch size: 32

— Optimizer: Adam (selected due to its stable convergence and suitability for biomedical
data [11])

— Learning rate: 0.001

— Loss function: categorical cross-entropy

Preprocessing and Data Augmentation

Prior to input into the network, the following preprocessing steps were applied:

— Pixel normalization (0—1 range)

— Noise removal using Gaussian and median filters [8]
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— Data augmentation techniques such as image rotation, flipping, zooming, and brightness
adjustments, which increased variability and improved model robustness [11].

Validation Approach. To ensure model generalization, 5-fold stratified cross-validation was
conducted, preserving class distribution in each subset. In addition, a 70/30 train-test split was
used for performance monitoring, in line with biomedical data standards [12].

Performance Evaluation. The model’s effectiveness was quantitatively evaluated using the
following metrics:

— Accuracy — overall classification correctness

— Precision — proportion of correctly predicted positive instances

— Recall (Sensitivity) — ability to detect actual positives

— F1-score — harmonic mean of precision and recall

— AUC-ROC — area under the ROC curve, reflecting the model’s diagnostic capability.

Analysis of the latest works of researchers in this area allows to obtain additional
information. Literature review on results in journals with high quartile and percentile. Data
processing is carried out considering the results of other researchers. The effectiveness of
approaches to data processing, as well as their accuracy and reproducibility, are characterized by
compliance with the theory of fundamental disciplines, corresponding analytical, experimental
results of the study.

Results and discussion.

Figure 2 shows the provided patient data by age, gender, concomitant pathology, risk factors,
Aristotle scale and comorbidity scale.

age gender concomitant risk Aristotle comorbidity common
pathology factors scale scale risks
0 1.0 1 0 1.0 2 0 20
1 10 2 0 10 2 0 1.0
2 1.0 1 1 1.0 2 2 20
3 10 2 1 20 3 3 3.0
4 3.0 1 0 1.0 3 0 3.0
4294 1.0 1 2 1.0 2 2 20
4205 10 2 0 20 1 0 1.0
4296 1.0 3 1.0 2 3 3.0
4297 1.0 1 0 1.0 1 0 1.0
4298 20 2 0 20 2 0 1.0

Figure 2 — Patient data in csv format

Based on the analysis in Figure 3, the following conclusions can be drawn:

1) Age factor and general risks:

- The risk of cardiovascular disease among children increases with age. This is evident from
the increase in the average value of the overall risk with age.

2) Gender and incidence rate:

- Differences in overall risks between boys and girls are not significant, indicating that there
1s no clear effect of gender on the likelihood of cardiovascular disease.

3) Associated pathology:

- The presence of concomitant pathology significantly increases the overall risk of
cardiovascular diseases. Children with concomitant pathologies have a higher risk level.

4) Risk factors:

- Risk factors such as genetic predisposition play an important role in increasing overall risk.
Children with high levels of risk factors have a significantly higher overall risk of disease.

5) Aristotle's scale:
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- High Aristotle scores correlate with higher overall risk. This highlights the importance of
assessing disease severity in predicting risk.

6) Comorbidity scale:

- The comorbidity scale also shows a significant correlation with overall risks, indicating the
importance of considering comorbidities when assessing the health status of children.

df .groupby(['gender', ‘'age'])['common risk'].agg(['mean', 'median'])

mean median

gender age
1 1.0 2.221239 20
20 2266667 25
3.0 2142857 20
4.0 2.000000 20
2 10 2115385 2.0
20 2315789 2.0
3.0 2.250000 25
4.0 2.000000 20

Figure 3 — Relationship between overall risk and risk factor levels

Explanation of the graphs in Figure 4: The graphs, constructed from the data provided,
visualize key aspects of the analysis:

— Age Distribution Plot: Shows how average values of total risk change with age.

— Histogram of gender and overall risk: The distribution of overall risk among boys and
girls is visualized.

— Comorbidity Diagram: Shows how the presence or absence of comorbidity affects overall
risk.

— Risk Factor Graph: Shows how different levels of risk factors correlate with overall risk.

— Comorbidity Scales Graphs: Shows how scores on these scales relate to overall risk.

1 AxesSubplot (0.125,0.125;0.775x0.755)
2 AxesSubplot (0.125,0.125;0.775x0.755)
Name: common risk, dtype: object

df ['common risk'].plot(kind='hist')
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Figure 4 — Graphical Representation of the Relationships between Overall Risk and
Demographic and Clinical Factors
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These graphs help to better understand the prevalence and characteristics of cardiovascular
disease in children and highlight key factors that influence overall disease risk.

Practical applicability and potential clinical use of the proposed model:

The results obtained in this study demonstrate that the proposed classification model has
strong potential for practical application in various cardiology-related clinical scenarios. Owing to
its high predictive performance and robustness to heterogeneous biomedical data, the developed
algorithm may serve as a supportive tool for automated diagnosis and risk stratification in
cardiovascular medicine.

First, the proposed approach can be applied to the diagnosis of cardiovascular diseases,
including coronary heart disease, myocardial infarction, cardiac arrhythmias, and other related
conditions. By analyzing multimodal biomedical inputs, the model can identify complex patterns
associated with pathological cardiac states, which may assist clinicians in early-stage diagnosis
and reduce the likelihood of missed or delayed detection.

Second, the model can be effectively utilized for cardiovascular risk assessment, particularly
in high-risk patient groups. The ability to integrate demographic, clinical, and biomedical signal
information enables a more comprehensive estimation of disease risk compared to traditional
single-factor assessment methods. Such functionality is especially relevant in preventive
cardiology, where early identification of elevated risk can guide timely clinical intervention.

Third, the proposed algorithm shows potential for continuous monitoring of patients with
cardiovascular diseases. When integrated into clinical information systems or remote monitoring
platforms, the model may assist in tracking disease progression and identifying early signs of
deterioration. This capability is particularly valuable for patients with chronic cardiovascular
conditions who require long-term observation and timely response to adverse changes.

Furthermore, the developed model may support treatment planning and decision-making
processes by providing clinicians with objective, data-driven insights into patient status. By
analyzing multimodal biomedical data, the algorithm can contribute to the selection of optimal
treatment strategies and assist in tailoring therapeutic approaches to individual patient profiles.

Finally, the proposed approach can be employed for assessing treatment effectiveness in
patients undergoing cardiovascular therapy. By comparing predicted risk levels and diagnostic
outputs over time, the model may help identify patients who do not respond adequately to
treatment, thereby enabling early adjustment of therapeutic strategies and improving overall
clinical outcomes.

Overall, the demonstrated practical applicability of the proposed model highlights its
potential role as a component of intelligent clinical decision support systems. While further
validation on larger and independent datasets is required, the presented results indicate that the
proposed approach represents a meaningful step toward the integration of machine learning—based
tools into routine cardiovascular diagnostics and patient management.

The performance of the proposed convolutional neural network model was quantitatively
evaluated using standard classification metrics. As shown in Table 1, the model achieved an
accuracy of 91.2%, precision of 89.6%, recall of 92.3%, and an F1-score of 90.9%. The area under
the receiver operating characteristic curve (AUC-ROC) was 93.5%, reflecting high discriminative
power.

Table 1 — Performance metrics of the proposed model on the test dataset
Metric Value (%)
Accuracy 91.2
Precision 89.6
Recall 92.3
F1-score 90.9

The relatively high recall value is especially important in the medical domain, where false
negatives can lead to missed diagnoses and delayed treatment. A balanced F1-score close to 91%
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indicates that the model achieves both sensitivity and specificity, which is critical in clinical
decision-making.

To contextualize these results, Table 2 compares the proposed model with state-of-the-art
deep learning approaches previously used in cardiovascular image and ECG analysis. The
comparison includes studies by Tsubasa Kanai et al. (2021) [13], Bartlomiej Krol-J6zaga (2022)
[6], and Xiaodan Wu (2020) [11], who reported accuracies ranging from 88.2% to 90.0% using
CNN-based architectures on ECG signals.

Table 2 — Comparison with other published approaches

Study Model Type Accuracy (%) | Data Modality

Tsubasa Kanai et al. (2021) [13] ResNet-like CNN | 90.0 ECG. 51gngl
classification

Bartlomicj Krol-Jozaga (2022) [6] | 2D-CNN 88.2 2D ECG
transformation

Xiaodan Wu et al. (2020) [11] Deep CNN 89.7 Short ECG
segments

This study CNN + PCA 91.2 ECG + Capillary
images

To assess the training process and detect potential overfitting, the accuracy and loss metrics
were monitored over 50 training epochs. As shown in Figure 5, the training and validation accuracy
curves demonstrate a stable upward trend, while the loss curves exhibit a consistent decrease. The
convergence of both sets of metrics indicates that the model effectively generalized to unseen data
without significant overfitting or divergence.
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Figure 5 — Training and validation accuracy and loss over 50 epochs.

The improved performance in this study can be attributed to several architectural and
methodological advances. First, the model benefits from multimodal input, combining both ECG
signal frames and capillary microscopy images, which enhances the diversity and richness of the
training data. Second, noise reduction techniques such as Gaussian and median filtering [8]
improve the quality of input features. Third, the application of principal component analysis (PCA)
for feature reduction reduces overfitting and computational complexity [12].

These enhancements result in better generalization compared to single-modality models.
Additionally, the inclusion of stratified 5-fold cross-validation reinforces the robustness of the
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results. Overall, the proposed model demonstrates clinically relevant performance metrics and
outperforms several comparable deep learning models published in recent literature.

In addition to the quantitative evaluation presented above, further analysis of the obtained
results allows for a deeper interpretation of their clinical relevance and practical applicability. The
identified relationships between demographic characteristics, clinical factors, and overall
cardiovascular risk provide important insights into disease progression patterns in pediatric
populations and complement the reported classification performance. In particular, the observed
gradual increase in overall cardiovascular risk with age is consistent with established
epidemiological findings and reflects the cumulative influence of physiological development and
environmental exposure during childhood and adolescence [14]. Although the analyzed cohort is
characterized by a limited age range, the stability of this trend across samples supports the
reliability of the extracted features and the internal consistency of the dataset.

The absence of statistically significant differences in overall cardiovascular risk between
male and female patients indicates that, within the studied pediatric cohort, sex does not represent
a dominant determinant of early-stage cardiovascular risk. This observation aligns with
epidemiological evidence suggesting that pronounced sex-related disparities in cardiovascular
disease burden typically become more evident later in life [15]. As a result, the proposed model
does not rely heavily on gender as a discriminative attribute, which may contribute to improved
generalization and reduced bias when applied to heterogeneous patient populations.

A particularly notable finding is the strong association between concomitant pathologies,
comorbidity scores, and elevated cardiovascular risk. Patients presenting additional comorbid
conditions consistently demonstrated higher risk levels, underscoring the importance of
incorporating comorbidity-related information into automated diagnostic and risk assessment
frameworks [7]. The ability of the proposed model to capture these relationships highlights the
benefits of multimodal data representation, where clinical metadata complements biomedical
signals and images to form a more comprehensive description of patient health status. From a
clinical standpoint, this supports the use of automated systems not only for primary diagnosis but
also for early identification of high-risk patients requiring closer monitoring and timely
intervention.

The observed correlations between the Aristotle scale, comorbidity scale, and overall
cardiovascular risk further reinforce the clinical relevance of these integrative severity indicators.
The fact that the proposed model successfully reflects these associations suggests that the learned
feature representations preserve clinically meaningful information rather than relying solely on
low-level signal or image characteristics [16]. Such alignment with established clinical scales is
particularly important in medical applications, as it enhances interpretability and fosters trust
among healthcare professionals.

From a methodological perspective, the improved performance of the proposed CNN + PCA
architecture can be attributed to the synergistic interaction of multimodal feature extraction and
robust preprocessing. The combination of ECG-derived features with capillary microscopy images
expands the representational capacity of the model, enabling it to capture both functional and
microstructural aspects of cardiovascular health [16]. While ECG signals encode temporal and
electrical cardiac activity, capillary images provide complementary information related to
microcirculation and vascular morphology, which may reflect systemic cardiovascular alterations.

Preprocessing steps, including Gaussian and median filtering, are commonly used to
improve data quality by reducing noise and acquisition-related artifacts inherent in biomedical
data [16]. Improved signal-to-noise characteristics facilitate more reliable feature extraction in
convolutional layers, while dimensionality reduction via principal component analysis is widely
applied to reduce feature redundancy and control model complexity—an especially relevant
consideration when working with limited medical datasets [17].

Despite the encouraging results, several limitations should be acknowledged. The relatively
limited dataset size may constrain the generalizability of the proposed approach to broader clinical
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populations. Although stratified cross-validation was employed to assess internal stability,
external validation on independent, multi-center datasets remains a necessary step for confirming
robustness. In addition, as with many deep learning—based medical systems, the internal decision-
making process of the model is not fully transparent. The incorporation of explainable artificial
intelligence (XAI) techniques in future work may help improve interpretability and support clinical
acceptance [18].

Future research will focus on expanding the dataset with more diverse patient populations,
integrating additional imaging modalities such as echocardiography and cardiac magnetic
resonance imaging, and exploring real-time data acquisition from wearable monitoring devices.
Furthermore, adapting the proposed framework for integration into clinical decision support
systems (CDSS) represents a promising direction for practical deployment [19]. Overall, the
presented results indicate that the proposed multimodal deep learning approach constitutes a
meaningful step toward reliable and clinically relevant automated cardiovascular risk assessment.

Conclusion.

This study proposes and validates an advanced machine learning—based framework for the
automatic analysis of biomedical images and electrocardiographic (ECG) signals in cardiology.
The developed approach integrates convolutional neural networks (CNNs), principal component
analysis (PCA), and robust preprocessing techniques to address key challenges in automated
cardiovascular diagnostics, including data heterogeneity, noise sensitivity, and limited dataset size.
The motivation for this work stems from the growing demand for reliable and scalable diagnostic
tools capable of processing large volumes of multimodal biomedical data while minimizing
dependence on manual expert interpretation.

The proposed CNN + PCA model demonstrated strong and clinically relevant classification
performance. Quantitative evaluation revealed an accuracy of 91.2%, precision of 89.6%, recall of
92.3%, an F1-score of 90.9%, and an AUC-ROC of 93.5%, indicating a well-balanced trade-off
between sensitivity and specificity. Such balance is critically important in medical decision-
making, where false negatives may lead to delayed diagnosis and false positives may result in
unnecessary interventions. The high AUC value further confirms the strong discriminative
capability of the model across different risk categories and its robustness to noise and variability
in biomedical input data.

Comparative analysis with state-of-the-art deep learning approaches reported in recent
literature demonstrates that the proposed method is competitive and, in several cases, superior in
terms of diagnostic accuracy. Unlike many existing solutions that focus exclusively on single data
modalities, such as ECG signals alone, the present study leverages multimodal input by combining
ECG-derived features with capillary microscopy images. This integration enables the model to
capture complementary functional and microstructural information related to cardiovascular
health, thereby providing a more comprehensive physiological assessment and improving overall
diagnostic performance.

Beyond numerical metrics, the results highlight important clinical insights. The observed
relationships between age, concomitant pathologies, comorbidity scales, and overall
cardiovascular risk confirm that meaningful clinical patterns can be effectively learned by data-
driven models. The absence of pronounced gender-related differences within the pediatric cohort
suggests that the proposed framework is less prone to gender bias at early stages of disease
development, which enhances its applicability across diverse patient populations. These findings
support the potential use of the model not only for primary diagnosis but also for cardiovascular
risk stratification and patient monitoring.

From a methodological perspective, this work demonstrates that high diagnostic
performance in cardiology can be achieved through careful feature optimization and preprocessing
rather than relying solely on increasingly complex neural network architectures. Noise reduction
techniques, including Gaussian and median filtering, significantly improve data quality and
stabilize the learning process, while PCA reduces feature redundancy and mitigates overfitting.
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This combination is particularly advantageous in medical domains, where large, well-annotated
datasets are often unavailable and model reproducibility is essential. The use of stratified cross-
validation further confirms the stability and generalization capability of the proposed approach.

Despite the promising results, several limitations should be acknowledged. The dataset size
remains relatively limited, which may restrict the generalizability of the findings to broader clinical
populations. Although internal validation procedures were applied, future studies should include
external validation using independent datasets collected from multiple clinical centers.
Additionally, while the model demonstrates high predictive accuracy, its internal decision-making
process remains partially opaque, reflecting a common limitation of deep learning—based medical
systems. The integration of explainable artificial intelligence (XAI) techniques represents an
important direction for enhancing transparency and clinician trust.

Future research will focus on expanding the dataset, incorporating additional biomedical
imaging modalities such as echocardiography and cardiac magnetic resonance imaging, and
integrating real-time data streams from wearable and remote monitoring devices. Another
promising direction is the deployment of the proposed algorithm within clinical decision support
systems (CDSS), which may improve screening efficiency, continuous monitoring, and treatment
planning for patients with cardiovascular diseases. Ensuring compliance with biomedical data
security and privacy requirements will also be a critical aspect of further development.

In conclusion, the presented machine learning—based framework provides a robust and
clinically meaningful solution for automated cardiovascular diagnostics. By combining
multimodal biomedical data, optimized preprocessing strategies, and efficient deep learning
architectures, this study contributes to the advancement of intelligent medical systems aimed at
improving diagnostic accuracy, reducing clinician workload, and supporting early detection of
cardiovascular diseases. The proposed approach establishes a solid foundation for further scientific
research and practical implementation in modern cardiology.
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KAPANOJIOTI'UAJA MAILINHAJIBIK OKBITY 9AICTEPIH KOJIIAHA OTBIPBIII,
BUOMETUILIUHAJIBIK BEMHEJEPII ABTOMATTBI TYPJIE TAJIJAY
AJITOPUTMIH 93IPJIEY )KOHE OHbI OPI KAPAW TAJIJTAY
INEPCIIEKTUBAJIAPBI

Anoamna. Ocvl Makanada MAuUHAILIK OKbIMY 20iCMepPiH KOJIOAHbIN, KapOUoi02Uusoasbl
ouomeOuyuHaIvlK Oetinenepdi asmomammsl manoay aodicmepi 3epmmenedi. 3epmme)yoiy
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Ne1(40) AAA XKAPLLbICHI

03eKminiei JHCypek neH Kanuuisap OeliHenepiH agmomMammsl OHOeY ApKblIbl HCYPEK-KaH
Mamwlpaapsvl aypyiapolh OUACHOCMUKANLAY 020ICIH apmmulpy KadiCemminicineH myblHOauobl.
3epmmey canovlk MUKpOCKONMAp MeH 21eKmMpOoKapoOuocpaghmap apKvlivl d1blH2AH 0epekmepoi
manoayea 06agelmmanvin, Hecizeli OUACHOCMUKANLIK epeKulenikmepoi anvikmayea baca Hazap
ayoapaovl. Ycvinvlizan 20ic OetiHenepdi alOblH ald OHOey, WYObl JHCOI0, epeKulelikmepoi
anvikmay oicone Heeizei komnonenmmep ananuzi (PCA) men HelipoHObIK diceni molenboepi
Hez2i3iHOe Kaaccuukayusanayovl Kammuovl. AnObiH ana enoey Ke3enine Oelinenepoi cy3y,
ceamenmayusl Jcane Oepexmepoi Hopmanay Kipeoi. 3epmmeyoe MeOuyuHaIbiK detinenepoi mauioay
yuiin beuimoenzen MAulUHANBLIK OKbIMY KIACCUDUKAYUA aneopummoepi dcoHe mepey OKblMmy
a0icmepi  Kondamwvlnaovl.  Juachocmuxa — muiMmOinieiH  apmmulpy  JCIHE  MOOenbOiH
HCANBLIAMANBIZLIH KAMMAMACHI3 em)y MaKCamvlHOa OHIMOLNIKmI baganay Kpumeputiiepi MeH
oKbImy napamempiepi 3epmmenedi. buomeouyunanviy Oepexmepoi 6HOeyee OallaHbLCIbL
ouonocusANbIK Kayincizoik acnekminepine, COHblH I[wiHOe Jiceke Oepekmepoi Kopaay JHcoHe
Kiaccuguxayus Oandicine epekuie Kouin 0oninedi. 3epmmey coubimMen Kamap Oeline
CanacvlHOazvl  JiCoHe  CLlpmMKbl  hakmoprapoasbl  o32epicmepze  Mypiai  MoOenib0epoiy
mypakmolivigblh 0aeanatiovl. CoHviMeH Kamap, OUAeHOCMUKAHbIY 0210I2IH apmmuvlpy VuliH
MAWUHATILIK — OKblmyea Hezizoenzen OeliHe mandayovl MeOUYUHATLIK —wewiM Kabwlioay
Jocylenepimen  Oipikmipy Mmacenreci mankwvlianaovl. Maxana Kazipei — aneopummoepoiy
wexkmeynepin manoan, oaaposl 00aH api dcemindipy OALLIMMAPLIH, COHLIH WiHOe 2pMYpii
Odepekmep mypaepine caHe Kypoeli KIUHUKATLIK CcyeHapulliepee Oeuimoenyoi YCblHAObL.
bonawax 3epmmeynepoiy  nepcnexmusanapvina — epexuienikmepoi  amblkmay — 20icmepiH
OHMAUNAHOBIPY, KIACCUDUKAYUS ANOPUMMOEDIH JHCemINOIPY JHCoHE OUACHOCMUKAHBIY 0210I2TH
apmmulpy ywin OipHeuwle macindi Oipikmipemin 2ubpuomi moodenvoepoi Oamvlimy Kipeoi.
Ocvinatiwa, MawUHAILIK OKbIMY a0icmepi MeH OUuoMeOuyuHanvly oOetinenepoi manoay
ANCOPUMMOEPIHIY  WONYbL  HCYPEK-KaH MAMbIPpAAPbl  AypYIApbIH  A8MOMAMMAHObIPLLIZAH
OUACHOCMUKANAY YWIH ey MuUuiMoi macinoepoi aublKman, UHMeIIeKmyaiobl MeOUYUHANbIK
JHcytienepoiy 00aH api 0AMYbIHbIH NEPCNeKMUBALAPbIH KOPCemeOi.

Tyuin  ce30ep. Mawuna oxwvimy, HcacaHObl UHMENLIEKM, HEUPOHOLIK Jicelinep,
buomeduyuHanvix betinenepdi oyoey, KapoOuoiI02Us.

PABPABOTKA AJI'OPUTMA ABTOMATHYECKOI'O AHAJIM3A
BUOMETUIIMHCKNX U30BPAKEHUI B KAPAUOJIOT MU C TIPUMEHEHUEM
METO/IOB MAIIIMHHOI'O OBYUYEHUS U MTEPCHEKTUBBI JAJIBHEHUIIETO
AHAJIN3A

Annomauyun. B Oannoll cmamve paccmampueaiomcsi Memoobl A8MOMAMUYEcKo20
AHAIU3a OUOMEOUYUHCKUX UB0OPANCEHUT 8 KAPOUOLO2UU C UCHOTIb30BAHUEM MEMOO08 MAUUHHO2O
oOyueHus. AKmMyanbHOCMb  UCCIe008AHUSL  ONPEeOeNsiemcss HeoOX00UMOCMbIO  NOBGbIULEHUS
MOYHOCMU OUACHOCIUKU CEPOEYHO-COCYOUCMBIX 3A00N€6AHUL 3A CUEM ABMOMAMUUPOBAHHOU
0bpabomku uzobpadicenull cepoya u Kanuuiapos. Mcciredoganue cocpedomouenHo Ha aHaniuse
OGHHBIX, NOJYUEHHbIX C NOMOWBIO YUPPOBHIX MUKPOCKONOS U NeKMPOKApOUocpagpos, ¢
AKYEeHMOM Ha 8blGIeHUe KI0UesblX OUACHOCMuUYecKux ocobennocmel. Ilpednazaemvlii no0xoo
sKIIIOYaem npedsapumenbHyo 0opabomky uzoopasxceHul, yoaienue wymd, uzsiedenue npusHaKos
u Knaccugpuxayuro Ha ocHoge ananuza enasHvlx komnonenm (PCA) u mooeneu HelpoHublx cemell.
Da3za npedsapumenvHol 06pabOMKU 8KIOUAEm DUILIMPAYUIO U300PAICEHUL, Ce2MeHMayur U
HOpMAIU3ayuio OaHKbIX. B ucciedosanuu ucnonvb3yiomes aieopummsl Kiaccu@ukayuu Ha 0CHO8e
MAWUHHO20 00yYeHUss U Memoobl 21Y00K020 00yYeHUs, adanmuposanuvie Ol AHAIU3A
MeOuyuHcKux uzobpasicenuil. Kpumepuu oyenxu npousgooumensnocmu u napamempsl 00yueHus
uccnedyromes. 0ns NosvlueHus: IQhekmusHocmu OuaecHOCmuKy U obecneyeHus 0000ujeHuUs:
mooenu. Ocoboe BHUMAHUE YOeNsiemcs ACNeKmam OuoI02udeckol Oe30nacHoCmu, C8A3aHHbIM C
00pabomxol OUOMEOUYUHCKUX OAHHBIX, BKIIOUAS 3AWUNM)Y NEePCOHANbHBIX OAHHBIX U MOYHOCHb
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kaaccuguxayuu. Taxoce 8 UcCIe008aHUU OYeHUBAEMCA YCMOUYUBOCb PA3IUYHBIX Mooenell K
UBMEHeHUsM Kadecmea uzoopadiceHuil u eHeuwlHum Gakmopam. Kpome moeco, obcyscoaemces
uHmezpayus aHaIu3a U300PaANCeHUll Ha OCHO8e MAUUHHO20 0OYUEeHUS ¢ CUCIEMAMU NOO0EPHCKU
NPUHAMUSL MEOUYUHCKUX peuleHUull O NOBblUeHUs MOYHOCMU OudeHOCmuKky. B cmamove
AHATUBUPYIOMCSL 02PAHUYEHUST CYUeCMBYIOWUX ANCOPUMMOB U NPEONA2AIOMCsl HANPABLeHUs. Oisl
UX OanbHeuue20 co8epuleHCme08ans, 6KI0YAs A0anmayuro K pasiuyHblM Munam OaHHbIX U
CNLOJICHLIM ~ KIUHUYecKum cyenapusm. Ilepcnekmusvl  6yOyuux uUccie008aHull  GKAUAIOM
ONMUMU3AYUIO MEMOO08 U3GIleUeHUs NPUSHAKOS, 00PAOOMKY aleopummos Kiaccuguxkayuu u
pazpabomky cubpuOHvIX MoOeel, COUemaruux HeCKOIbKo N00X0008 OJisl NOBbLULEHUS MOYHOCMU
ouaenocmuxu. Taxum obpazom, npeocmagieHuvili 0030p Memoo08 MAUUHHO20 O00YYeHUs U
aneoOpummMos8 aHaIU3a OUOMEOUYUHCKUX U300padicenull evlaensem Haubonee 3phdexmusHbvle
nOOX00bl OJis1 ABMOMAMUSUPOBAHHOU OUACHOCIMUKU CePOedHO-COCYOUCMBIX 3a001e8anull U
nOOuépKuGaem nepcneKmusbl OdlbHelule20 pazeumusi UHMELLIEKMYAIbHbIX  MeOUYUHCKUX
cucmenm.

Knrwouesvie cnosa: mawunnoe ooyuenue, UCKyCCmeeHHblll UHMELIEKM, HEelPOHHbLE cem,
006pabomka OGUOMEOUYUHCKUX U300PAdHCEHULL, KAPOUONO2USL.
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