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PREDICTING RISKS OF CARDIOVASCULAR DISEASE
ON SMALL DATASETS USING FEATURE ENGINEERING

Relevance. Cardiovascular diseases remain a leading cause of mortality globally, creating a high demand for automated diagnostic
systems. However, developing reliable machine learning models for electrocardiogram (ECG) analysis is often hindered by the
availability of only small-scale and imbalanced datasets, which limits the effectiveness of deep learning approaches. The object of
research is the process of automated processing and classification of electrocardiographic signals for diagnostic purposes.
The subject of the research includes methods of beat-centric feature extraction, patient-level aggregation strategies, and machine
learning algorithms for cardiovascular risk prediction. The purpose of this paper is to develop and evaluate a reliable classification
framework, optimized for small datasets, that increases prediction accuracy by leveraging patient-level feature aggregation and
explainable machine learning models. To achieve this goal, the following tasks were solved: 1) implementation of a robust
preprocessing pipeline using a refined Pan-Tompkins algorithm for precise beat-centric segmentation; 2) development of a statistical
feature aggregation strategy to mitigate local signal variability; and 3) optimization and validation of a Random Forest classifier.
The methodology employed includes digital signal processing (Butterworth filtering), advanced feature engineering (HRV, Wavelets
analysis), and rigorous 10-fold Stratified Cross-Validation to ensure generalization on limited data. Research results. The study
proposes a pipeline initiating with standard signal preprocessing, followed by precise R-peak detection and beat-centric segmentation.
Physiological features (HRV, wavelet, morphological) are then extracted from individual segments and statistically aggregated at the
patient level. Experiments on a dataset of 164 subjects demonstrated that the proposed patient-level aggregation strategy significantly
outperformed traditional segment-based analysis. The final Random Forest model achieved an ROC-AUC score of 0.84. Feature
importance analysis confirmed the critical role of Heart Rate Variability (HRV) metrics, particularly SDNN and RMSSD,

in differentiating between healthy and high-risk subjects.
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Introduction

Relevance

Cardiovascular diseases (CVDs) remain the leading
cause of global mortality, driving the urgent demand for
automated electrocardiogram (ECG) analysis systems [1].
In practice, however, model development is frequently
constrained by small, imbalanced, and partially noisy
datasets, a setting in which end-to-end deep learning
often underperforms or becomes fragile without extensive
data curation and augmentation. Consequently, feature-
engineering-driven pipelines combined with interpretable
machine learning remain highly relevant for clinical
screening scenarios and low-data environments [2].

A persistent methodological gap arises from how
ECG segments are handled. Many studies classify
unaligned fixed-length windows, implicitly assuming that
a random window is representative of a patient’s global
cardiac status. In small datasets, this assumption is brittle:
local artifacts within a single window can dominate
predictions, and segment-level labels may leak patient-
specific idiosyncrasies across folds unless evaluation is
performed strictly at the patient level. Addressing these

issues, this work adopts a beat-centric segmentation
anchored at R peaks, aggregates features at the patient
level, and trains an explainable ensemble model to
improve generalization in small cohorts.

An overview of scientific works

Many studies focus on automated ECG signal
processing and CVD detection. Classical surveys summarize
the landscape of ECG analysis, covering preprocessing,
morphological characterization, and feature extraction
strategies for arrhythmia and risk stratification tasks
(e.g., statistical and spectral descriptors, wavelets, entropy-
based measures) [3, 4, 5]. Deep Learning approaches in
cardiovascular diagnostics are reviewed in [6], which
highlights both their potential and the difficulties posed
by data needs. Foundational signal processing elements
include QRS detection (e.g., Pan-Tompkins) and
more recent advances in precise R peak localization,
which underpin robust beat-centric workflows [7-10].
Studies [7, 11] focus on current trends in feature
extraction methods and their applications. Higher-order
wavelet packet decomposition (WPD) statistics are
considered in [8]. In terms of signal preprocessing, [9]
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establishes the basic real-time QRS detection algorithm,
and [10] presents more recent developments in accurate
R-peak localization. In addition to preprocessing, classifiers
are important in processing ECG signals [12, 13].
In parallel with signal processing, the interpretability of
decision systems has motivated the adoption of tree-based
models and fuzzy inference [14, 15]. In particular, fuzzy
decision trees and fuzzy classifiers have been shown to
provide transparent rule-based reasoning and to support
importance analysis of decision-making factors, which
is vital for safety-critical healthcare applications [13, 16].
These efforts range from early formulations of fuzzy
decision tree induction and information measures, to
reliability assessment of healthcare systems via fuzzy
trees, and to modern, large scale ECG classification with
fuzzy approaches. Collectively, this body of work
motivates our preference for interpretable, feature-based
modeling in low data regimes.

Problem Statement and Approach

We target cardiovascular risk prediction on a small
proprietary cohort of 164 subjects (92 high risk, 72 healthy),
recorded at 512 Hz, reflecting a mild class imbalance
representative of real-world settings. Rather than
classifying unaligned windows, we first perform standard
artifact suppression, precise R peak detection, and beat
centric segmentation; then we extract a comprehensive
set of physiologically grounded features (time/frequency
domains, HRV metrics, wavelet energy, morphology,
non-linear entropy). To stabilize subject profiles and
mitigate local variability, we aggregate segment-level
features per patient via summary statistics (mean,
standard deviation, min, max), and train an interpretable
Random Forest with systematic feature selection and
cross-validated hyperparameter tuning. All validation is
carried out with stratified 10-fold cross validation at the
patient level to prevent leakage; no synthetic oversampling
(e.g., SMOTE) is used in final evaluation, ensuring
performance reflects the natural class distribution.

Our emphasis on interpretable features and
transparent model behavior is consistent with the broader
trend of leveraging fuzzy decision trees and fuzzy
classifiers for explainability in medical Al. Fuzzy trees
support rule extraction and factor importance analysis,
which can complement or extend tree ensemble
importance measures and SHAP style attributions.
Recent research demonstrates that fuzzy frameworks
can successfully handle uncertainty, vagueness, and
limited data, especially in clinical contexts. We view our

pipeline as a strong baseline for small-cohort ECG
studies, which can be further hybridized with fuzzy
decision tree induction to yield explicit clinical
rules while retaining the robustness of patient-level
aggregation [13, 14].

Setting objectives

A key difficulty in implementing machine learning
on small ECG groups is the approach for managing
segmented data. Classifying unaligned segments
independently often introduces variability, as local artifacts
in a single segment may not reflect the patient’s overall
cardiac status. Therefore, it becomes necessary to optimize
the processing pipeline by implementing a robust patient-
level aggregation strategy. Based on this, the goal of this
paper is to develop and evaluate a reliable classification
framework, optimized for small datasets, that increases
prediction accuracy by leveraging patient-level feature
aggregation and explainable machine learning models.
This paper makes the following contributions to ECG
based risk prediction under small data constraints:

1. Beat-centric, patient-level pipeline for small
cohorts. We formalize and evaluate an end-to-end
workflow that combines zero-phase bandpass filtering,
refined Pan-Tompkins—inspired R-peak detection, beat-
anchored segmentation, and patient-level feature
aggregation. The design explicitly targets low sample
settings where segment-only classification is unstable.

2. Patient level aggregation as a principled
regularizer. We introduce a simple yet effective statistical
aggregation schema (mean, std, min, max) over segment
features per subject and demonstrate its superiority to
segment-based analysis on the same data, improving
ROC AUC from 0.64 (baseline) to 0.84 and raising
accuracy from 0.57 to 0.80. This quantifies the benefit of
aggregation for reducing local noise and enhancing
generalization in small populations.

3. Rigorous, leakage free evaluation. All experiments
use stratified 10-fold cross validation at the patient level,
with no oversampling in final reporting, and a feature
selection step driven by Random Forest importance to
curb dimensionality and improve stability — practices
aligned with clinical ML standards for limited datasets.

4. Clinically meaningful interpretability. We provide
feature importance analysis showing that HRV metrics
(e.g., SDNN, RMSSD) dominate the model’s decisions,
in agreement with physiological understanding of
autonomic regulation — thereby enhancing trust and
facilitating clinical translation.




CyuacHuii cman HayKkogux 00CaiodiceHb ma mexHonoeit ¢ npomuciosocmi. 2026. Ne 1 (35)
Innovative technologies and scientific solutions for industries. 2026. No. 1 (35)

ISSN 2522-9818 (print)
ISSN 2524-2296 (online)

5. Pathway to fuzzy explainable hybrids.
By situating our results within the literature on fuzzy
decision trees and fuzzy classifiers, we outline a natural
extension toward rule based, linguistically interpretable
models on top of patient level features, potentially
combining the robustness of ensembles with the
transparency of fuzzy rules.

Materials and Methods

ECG Signal Morphology

Before discussing the dataset, it is essential to define
the structural characteristics of the analyzed signals.
A typical ECG cycle (Fig. 1) consists of distinct waves
reflecting the electrical activity of the heart: the P-wave
(atrial depolarization), the QRS complex (ventricular
depolarization), and the T-wave (ventricular repolarization).
In the context of cardiovascular risk prediction, the QRS
complex is particularly significant as it represents the
main contraction of heart ventricles. Its accurate detection
is a prerequisite for extracting heart rate variability
(HRV) metrics, which are derived from the R-R intervals
(the time distance between consecutive R-peaks).
This morphological structure is susceptible to distortion
and noise, which might result in inaccurate feature
extraction and call for thorough preprocessing.
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Fig. 1. Morphology of a standard ECG cycle composed
of P,Q,R,S and T waves [17]

Dataset description

The experimental evaluation was conducted using
a proprietary dataset of raw electrocardiographic
signals obtained from 164 subjects. The cohort consists
of two classes:

1. Healthy Control Group (Label 0): 72 subjects
with no history of cardiovascular pathology.

2. High-Risk Group (Label 1): 92 subjects with
cardiovascular disorders or exhibiting high-risk factors.

The class distribution is visualized on Fig. 2.
The dataset exhibits a mild class imbalance (44% healthy
and 56% high-risk), which reflects real-world clinical
scenarios. The signals were recorded at a sampling
frequency of 512 Hz, ensuring sufficient temporal
resolution for precise morphological analysis.

Class Distribution in the Dataset

100

922

80 72

60

40

Number of Subjects

20 4

T
Healthy Controls
{Label 0)

High-Risk Group
(Label 1)

Fig. 2. Distribution of classes in the experimental dataset

Proposed Classification System

Building upon the defined methodological
framework, the technical implementation of the proposed
solution is divided into two distinct phases. Phase 1
includes signal processing and feature engineering,
initiating with raw ECG data and concluding with
the creation of an aggregated patient-level dataset.
Phase 2 focuses on model design and classification,
including data splitting, feature selection, hyperparameter
tuning and the final model training.

Phase 1: Signal Preprocessing and Feature
Engineering. To maximize information extraction
while minimizing noise, we developed a multi-stage
pipeline (Fig. 3). The workflow converts raw recordings
into a structured dataset through the following
physiologically grounded steps.

Signal Preprocessing. The input raw ECG data
were first processed to remove artifacts such as baseline
wander and muscle noise. We utilized a 4™-order
Butterworth bandpass filter designed via the
SciPy signal processing library. The cutoff frequencies
were set to 0.5 Hz and 40 Hz; the lower bound effectively
eliminates baseline drift, while the upper bound
suppresses high frequency electromyographic noise.
To ensure numerical stability, the filter was implemented
using Second-Order Sections (SOS). Crucially,
we applied a bidirectional filter (sosfiltfilt from SciPy)
to ensure zero-phase distortion. This preserves the
precise shape and timing of the ECG waves, which is
essential for accurate morphological analysis.
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Fig. 3. Workflow of the signal processing and feature
engineering pipeline (Phase 1)

R-Peak Detection. Following filtration, precise
localization of R-peaks was performed using a multi-
stage method inspired by the Pan-Tompkins algorithm.
The process involved three distinct steps:

1. Signal Enhancement: The signal underwent
a series of transformations to highlight the QRS complex.
This included narrow-band filtration (5-15 Hz),
differentiation to highlight slope changes, squaring (y?)
to emphasize high-energy segments, and moving window
integration (150 ms window) to smooth the waveform.

2. Candidate detection: Peaks were identified on
the transformed signal using an adaptive thresholding
technique. The threshold was dynamically set as the
signal median plus four times the Median Absolute

Deviation (MAD). This approach ensures robustness
against outliers and varying signal amplitudes.
A minimum distance of 250 ms was enforced to prevent
multiple detections within a single heartbeat.

3. Refinement and Relocalization: Since the
enhancement steps can slightly shift peak positions, each
candidate was relocalized in the original filtered signal.
The algorithm searched for the precise local maximum
within a £100 ms window around the candidate. Finally,
a refractory period check eliminated any duplicate
detections that were physiologically impossible (closer
than 250 ms).

Beat-centric  Segmentation and  Feature
Extraction. Leveraging the validated R-peak indices, the
continuous ECG signal was segmented into fixed
10-second windows. Crucially, we employed a beat-
centric alignment strategy, ensuring that each segment
initiates exactly at an R-peak. This synchronization
guarantees temporal consistency across all samples.
Subsequently, a comprehensive feature set was

extracted from each segment, spanning multiple
physiological domains:
e Time-Domain Statistics: Basic statistical

descriptors of the signal amplitude, including mean,
variance, skewness, kurtosis and signal energy.

e Frequency-Domain Metrics: Computed using
Welch’s method to estimate Power Spectral Density
(PSD). Key features include Spectral Entropy, Dominant
Frequency and relative power in Low-Frequency (LF)
and High-Frequency (HF) bands.

e Heart Rate Variability (HRV): Derived from
the inter-beat (R-R) intervals within the segment.
We calculated standard metrics such as SDNN
(total variability), RMSSD (short-term variability) and
pNN50 to capture autonomic nervous system activity.

e Morphological Features: Direct measurements
of the cardiac cycle shape, specifically the mean R-peak
amplitude and the average QRS complex width.

e Wavelet Features: To analyze non-stationary
characteristics, we utilized the Discrete Wavelet
Transform (DWT). The signal was decomposed using
the Daubechies 4 (db4) wavelet, and energy statistics
were computed for different decomposition levels.

e Non-linear Features: We calculated Sample
Entropy to quantify the complexity and regularity
of the time series data.

Patient-Level Aggregation: The final step involved
transitioning from segment-level data to a patient-level
profile. The extracted segments were grouped by patient
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ID. To create a stable feature vector that minimizes
the impact of local artifacts, we applied statistical
aggregation. For every feature column F; (e.g., RMSSD),
four descriptors were computed across all segments
of the patient: Mean, Standard Deviation, Minimum
and Maximum. This resulted in a high-dimensional,
robust representation of each patient, ready for the
classification phase.

Phase 2: Model Design and Classification.
The second phase focused on optimizing the predictive
model using the aggregated dataset prepared in Phase 1.
The systematic workflow of this phase, covering feature
selection and hyperparameter tuning, and validation,
is illustrated in Fig. 4.

Aggregated Dataset
(All Features)

Baseline Random Forest
(Preliminary Model)

Feature Importance Analysis
(Mean Decrease Impurity)

Feature Selection
(Top 40 Features)

Hyperparameter Tuning
(RandomizedSearchCV, Max ROC-AUC)

Best Params|

10-Fold Stratified
Cross-Validation

Final Model Evaluation
(Aggregated Predictions)

Fig. 4. Workflow of the model optimization and evaluation
process (Phase 2)

Feature  Selection  Strategy: To reduce
dimensionality and remove irrelevant predictors, we first
trained a baseline Random Forest model on the complete
feature set. We utilized the model’s built-in feature
importance metrics (Mean Decrease Impurity) to quantify
the contribution of each feature to the decision-making
process. Based on this analysis, we identified and
selected the Top 40 most informative features. This step
was crucial for focusing the model on the most predictive
physiological markers while eliminating noise.

Hyperparameter Tuning: To find the optimal
model configuration, we utilized RandomizedSearchCV
integrated with 10-fold Stratified Cross-Validation.
Unlike exhaustive search methods (e.g., Grid Search),
this approach samples a fixed number of parameter
settings from specified distributions. This offers
a computationally efficient way to explore a high-
dimensional hyperparameter space. The optimization
process focused on maximizing the ROC-AUC
metrics. The search space covered a wide range of
hyperparameters, including:

e Number of estimators: 100 — 500

e Maximum tree depth: 2 — 20

e Minimum samples split: 2 - 10

e Minimum samples per leaf: 2 — 10

e Max features: Square root or Log?2

Final Evaluation Strategy: To ensure an unbiased
assessment of the model’s generalization capability,
we employed 10-fold Stratified Cross-Validation using
optimized hyperparameters. This technique is essential
for small and imbalanced datasets, as it preserves the
class proportions across all training and validation folds.
Final performance metrics were derived by aggregating
predictions from the validation sets. Unlike a single train-
test split, this approach ensures that every data point is
evaluated exactly once as unseen data, providing
a realistic estimate of performance while preventing
data leakage. Synthetic oversampling (SMOTE) was not
applied during this evaluation phase; therefore, the
reported metrics (ROC-AUC, Sensitivity, Specificity)
accurately reflect the model’s performance on the
original, real-world class distribution.

Research Results

Comparison of Classification Strategies
To validate the hypothesis that precise beat-centric
alignment combined with patient-level aggregation is
essential for robust classification, we compared the
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proposed method against a baseline segment-based
approach. The baseline model served as a control
experiment to quantify the impact of our proposed
feature engineering pipeline. In this baseline setup,
the processing differed in three key aspects:

1. Arbitrary Segmentation: The ECG signals
were divided into fixed 10-second windows without
synchronization to R-peaks. Consequently, segments
could start in the middle of a QRS complex, introducing
noise and artifacts.

2. No Aggregation: Each segment was classified
independently as a separate sample, ignoring the fact
that multiple segments belong to the same patient.

3. Raw Feature Set: The classification was
performed on the full set of extracted features without
the specialized selection step used in the final model.

As shown in Table 1, this lack of synchronization
and patient-level context resulted in suboptimal
performance.

Table 1. Performance comparison between the baseline
and the proposed method

profile, achieving a Precision of 0.80 for both Healthy
and High-Risk classes. This indicates that when the
model predicts a specific label, it is correct in 80% of
cases, suggesting a high degree of trustworthiness in
positive detections. It should be noted that the support
value of 164 in the final row of Table 2 represents
the total number of subjects in the dataset.

Table 2. Detailed classification report of the final
optimized mode

Class Precision | Recall F1-Score | Support
Healthy (0) 0.80 0.72 0.76 72
High-Risk (1) 0.80 0.86 0.83 92
Weighted Avg 0.80 0.80 0.80 164

Approach | Recall (0) | Recall (1) | Accuracy | ROC-AUC
Baseline 0.29 0.80 0.57 0.64
Proposed 0.72 0.86 0.80 0.84

The baseline segment-based method demonstrated
poor generalization capability, achieving an overall
Accuracy of only 57% and an ROC-AUC of 0.64.
Crucially, the Recall for the healthy control group was
only 0.29, indicating a high rate of false positives caused
by local signal artifacts and misalignment. In contrast,
the proposed patient-level aggregation  strategy
significantly improved the model’s discriminative
power. By statistically aggregating features across the
patient’s recording, the ROC-AUC increased to 0.84 and
Accuracy reached 80%. This improvement in the AUC
score confirms that the proposed aggregation method
effectively filters out local noise and provides
stable subject profile.

Performance of the Final Model

The final Random Forest model was evaluated using
Stratified 10-Fold-Cross-Validation. The quantitative
results demonstrate the model’s robust discriminative
capability, achieving an overall Accuracy of 80%
and an aggregated ROC-AUC score of 0.84. Detailed
performance metrics for each class are summarized
in Table 2. The model exhibits a consistent precision

Sensitivity and Specificity Analysis

A critical finding is observed in the Recall metrics.
The model achieved a Recall of 0.86 for the High-Risk
class, which corresponds to Sensitivity. In medical
screening scenarios, maximizing Sensitivity is often
prioritized over Specificity to minimize Type Il errors
(False Negatives). The obtained result confirms that the
system successfully identified 86% of all high-risk
patients, missing only a small fraction. Conversely
the Recall for Healthy class, representing Specificity,
reached 0.72. While lower than Sensitivity, this is
an acceptable trade-off, as a moderate rate of false
alarms (Type | errors) is preferable to missing
a pathological condition.

Confusion Matrix Interpretation

The distribution of correct and incorrect predictions
is further visualized in the Confusion Matrix (Fig. 5).

Healthy (0)

True Class

High-Risk (1)

Healthy (0)
Predicted Class

High-Risk (1)

Fig. 5. Confusion Matrix of the final classification model
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e True Positives (TP): Out of 92 high-risk
subjects, the model correctly identified 79 cases.

o False Negatives (FN): Only 13 high-risk patients
were misclassified as healthy.

e True Negatives (TN): The model correctly
recognized 52 healthy subjects.

o False Positives (FP): There were 20 cases where
healthy individuals were flagged as high-risk.

Feature Importance Analysis
To gain insight into the model’s decision-making
process, we analyzed feature contributions using
the Mean Decrease Impurity metric. The analysis
was performed on the final optimized model.
As illustrated in Fig. 6, the ranking of the top 10 features

sdnn_max
mean_rr_std
sdnn_min
sdnn_std

sdnn_mean

Feature

rmssd_min

wav_energy_L3_std

max_min

wav_energy_L2_max

mean_rr_min

0.000 0005 0010 0015

reveals a distinct dominance of Heart Rate Variability
(HRV) metrics. The top five positions were
occupied exclusively by aggregated statistics derived
from R-R intervals. This confirms that the variability
of the heart rate, rather than just the raw morphology,
is the strongest predictor of cardiovascular risk in this
dataset. Beyond HRV, the model also leveraged
Wavelet-based features, which capture signal energy
in specific frequency bands, and time-domain amplitude
descriptors. This hierarchy supports the clinical validity
of the proposed approach. The fact that the model
prioritized interpretable physiological markers over
complex, abstract patterns suggests that the classifier
relies on medically relevant phenomena rather
than learning noise.

0020 0025 0030 0035 0040

Importance Score (Mean Decrease Impurity)

Fig. 6. Top 10 most significant features identified by the Random Forest model

Conclusions

The following results were obtained in this paper:

1. A multi-stage processing pipeline  was
implemented, utilizing a 4™-order Butterworth filter and
a refined Pan-Tompkins algorithm to ensure precise
R-peak detection and beat-centric segmentation.

2. A patient-level feature aggregation strategy was
developed, which successfully mitigated local signal
variability. This approach increased classification accuracy
from 57% (baseline segment-based method) to 80%.

3. The Random Forest classifier was optimized
using feature selection and hyperparameter tuning.

The final model achieved a ROC-AUC of 0.84 and
a Sensitivity of 0.86 for high-risk subjects, demonstrating
strong screening potential.

4. Feature importance analysis confirmed that
Heart Rate Variability (HRV) metrics (SDNN, RMSSD)
are the most critical predictors for differentiating between
healthy and high-risk subjects, confirming the clinical
interpretability of the proposed model.

Despite the encouraging results, this study has
several limitations that should be acknowledged.
First, the experimental evaluation was conducted on
a relatively small, single-center proprietary dataset, which
may limit the generalizability of the findings to broader
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and more heterogeneous populations. Second, although and fine-grained interpretability, further advancing
strict patient-level cross-validation was applied to prevent ECG-based risk prediction in small-data clinical settings.
data leakage, external validation on an independent

cohort is required to fully assess the robustness Conflict of interest

of the proposed framework. Third, the current _
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rules, enhancing clinical transparency and trust [18].
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HAJIIMHE TIPOTHO3YBAHHS CEPIIEBO-CYIUHHOT O PU3UKY
HA HEBEJIMKUX HABOPAX JTAHUX
3 BAKOPUCTAHHSM IEPEJOBOI IHJKEHEPII O3HAK

AxTyanbHicTh. CeplieBo-CyANHHI 3aXBOPIOBAaHHS 3aJIMIIAIOTHCS MPOBIJHOI0 MPUYMHOIO CMEPTHOCTI B YChbOMY CBITi, II0 CTBOPIOE
BHCOKHI TIONMUT HA aBTOMAaTH30BaHi MAiarHOCTHYHiI cucremu. OnHaK po3poOka HaMiMHMX MoJeieil MAaIlHHHOTO HaBYaHHS
st aHanizy enekrpokapaiorpamu (EKTT) 4acTo yCKIIaJHIOETHCS HAsBHICTIO JIMIIE HEBEIMKHX 3a MaclITA0OM Ta He30alaHCOBaHHX
HaOOpiB JaHWX, OI0 00OMEXye e(EeKTHBHICTh MiAXOMiB INTUOOKOro HaBuaHHA. (0'€KTOM AOCTIIAKEeHHS € MPOLEC aBTOMAaTH30BaHOL
00pobku Ta kiacudikalii erekrpokapaiorpadiuHux curHamiB ais giarHoctuyHux wnineil. Ipeamerom mociuimkeHHsi € MeToAn
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BWJIyYEHHsI 03HAK Ha OCHOBI CEpIIEBO-CYIMHHHMX 3aXBOPIOBaHb, CTpaTeril arperaiuii Ha piBHI HaLi€HTa Ta aITOPUTMH MAaIIMHHOTO
HaBYaHHS IJIsI MPOTHO3YBAaHHS CEPLEBO-CYyJUHHOTO pu3nKy. MeTor miei crarri € po3poOka Ta OLIHKA HAmiHHOI cucTeMU
knacugikamii, onTEMi30BaHOI I HEBEIMKUX HA0OpIB JaHUX, sSKa IMiJBHUIIYE TOYHICTh MPOTHO3YBaHHS MUIIXOM BHKOPHCTaHHS
arperamii O3HaK Ha pPiBHI MAallieHTa Ta MOJENeil MAaIIMHHOTO HaBYaHHA, LIO MOSCHIOIOTHCSA. Pe3yjbTaTu J0cCHiTxKeHHs.
VY nociipkeHHI MPOMOHYETHCST KOHBEEDP, IO MOYMHAETHCS 31 CTaHIApPTHOI MoNepelHboi 0OpOOKM CHUTHAIY, a MOTIM BHUKOHYETHCS
TOYHE BHSBJICHHS R-IiKy Ta cerMeHTaiiss Ha OCHOBI CEpLEBO-CYJIMHHHX 3axBoproBaHb. ®isionoriuni o3naku (BCP, BeiiBner,
MOpP(OJIOTIUHI) TOTIM BHUTATYIOTBCS 3 OKPEMHX CErMEHTIB Ta CTAaTHCTUYHO AarperyioThCs HA piBHI maimieHta. EKCmepuMeHTH
Ha Habopi maHux i3 164 cyO'ekTiB HOKa3amu, IO 3allpOMOHOBAHA CTpATETis arperamii Ha piBHI Malli€HTa 3HAYHO IEepeBepIIye
TpaauIiiHIIA aHasi3 Ha OCHOBI cerMeHTiB. OcTaTouHa MOeb BUMaakoBoro Jjicy gocsaria ROC-AUC 6any 0,84. Anaii3 BaKJINBOCTI
O3HaK WiITBEpPJWB KPHUTHYHY pOJb IIOKa3HHWKIB BapiabemsHOCTI cepueBoro putMmy (HRV), 3okpema SDNN ta RMSSD,
y nudepeHiiamii 310poBUX Cy0'eKTiB Ta Cy0'€KTIiB 3 BHCOKUM PH3HKOM.
KurouoBi ciioBa: knacugikaliis; IporHo3yBaHHS PU3HKY; BaKIUBICTh 03HAK; MamnHHe HaB4aHHs;, EKD'; BumaaxoBuii mic.
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