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Abstract 

Cardiovascular diseases are the leading global cause of death, with ischemic heart disease (IHD) being the most prevalent 

and deadly subtype, emphasizing the need for accessible, non-invasive screening tools. Heart rate variability (HRV) is a 

recognized indicator of autonomic imbalance and a predictor of adverse cardiac events; however, standard diagnosis relies 

on 24-hour Holter electrocardiography, which limits its widespread application. This study introduces the Zhurek fingertip 

IoT device, a photoplethysmography (PPG)-based tool for measuring HRV parameters, and evaluates its ability to 

distinguish between healthy autonomic function and IHD-related dysregulation. A comparative analysis with a three-lead 

Holter ECG showed clinically acceptable mean deviations: –0.601 bpm for heart rate, +33.1 ms for SDNN, and –4.8 ms for 

RMSSD. HRV segment data were obtained from patients at the Cardiology Center in Almaty, Kazakhstan, with 

angiographically confirmed IHD. Eight features were measured, including SDNN, RMSSD, LF, HF, LF/HF ratio, Max HR, 

BMI, and age. Mann–Whitney U tests revealed significant differences between groups for SDNN, LF, HF, Max HR, BMI, 

and age (p < 0.05). Principal component analysis indicated that the first two components, accounting for 49.5% of the total 

variance, effectively separated the cohorts without labels. Feature importance analysis using CatBoost demonstrated that 

LF power had the greatest discriminative weight (~44%), followed by age (~19%) and HF power, with smaller 

contributions from maximum heart rate and RMSSD. These findings demonstrate that diagnostically relevant autonomic 

signatures are preserved in PPG recordings, reducing monitoring time compared to standard Holter studies while 

maintaining physiological fidelity. The pilot study confirms the suitability of the Zhurek wearable device and healthy-

baseline machine learning pipelines for large-scale, ambulatory IHD risk stratification, supporting a shift from reactive 

intervention to proactive prevention. 
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1. Introduction 

Cardiovascular diseases (CVDs) are the leading cause of death worldwide. According to estimates by the World Health 

Organization, in 2019, 17.9 million people died from CVDs, accounting for 32% of all global deaths. Of these deaths, 85% 

were due to heart attacks and strokes. Among the 17 million premature deaths (under the age of 70) from non-

communicable diseases recorded in 2019, 38% were caused by CVDs [1]. IHD is one of the most common forms of CVD 

and a major cause of mortality [2]. According to 2022 data, diseases of the circulatory system are the most prevalent among 

the adult population of Kazakhstan, with 3,962.5 cases per 100,000 population. Of these, ischemic heart disease (IHD) 

accounts for 560.7 cases per 100,000 population. These figures confirm the high prevalence of IHD within the structure of 

cardiovascular pathology [3]. 

IHD continues to pose a significant burden on individuals and healthcare systems worldwide. The impact of this 

condition is considerable, contributing substantially to both mortality and morbidity [4]. Coronary artery disease (CAD), 

most commonly resulting from atherosclerosis, is the leading cause of ischemic heart disease (IHD), which manifests as 

myocardial ischemia. The primary mechanism underlying IHD is obstructive atherosclerosis of the coronary arteries, 

leading to impaired blood flow to the heart muscle [5]. Given the growing global demand on healthcare systems, there is an 

urgent need to develop early diagnostic approaches capable of detecting IHD before the occurrence of irreversible 

complications such as myocardial infarction or chronic heart failure (CHF) [6]. 

Heart rate variability (HRV) is defined as the fluctuation in the duration of cardiac cycles [7]. It is a non-invasive 

indicator obtained through heart rhythm monitoring that provides valuable insights into the overall health status of the body 

[8]. HRV reflects the dynamic capacity of the heart and the general physiological ability of an individual to adapt to 

varying environmental conditions through compensatory mechanisms [9]. It is directly influenced by the primitive 

components of the autonomic nervous system (ANS), particularly the parasympathetic branch, and also reflects the 

combined activity of both the sympathetic and parasympathetic divisions. Low HRV values have been associated with 

adverse cardiac events such as myocardial infarction, atherosclerosis progression, heart failure, ischemic heart disease 

(IHD), and sudden cardiac death [10]. HRV analysis is essential for assessing the functional state of the ANS [11]. 

Current clinical tests used to assess coronary health are often expensive, invasive, and insufficiently effective for the 

timely detection of progressing coronary ischemic conditions [12]. Although analytical angiography is considered one of 

the most accurate procedures for identifying heart abnormalities, it is associated with high costs, potential side effects, and 

requires significant technological expertise. Traditional diagnostic methods are time-consuming, prone to human error, and 

may lead to inaccurate diagnoses, making them costly and labor-intensive [13].  This highlights a critical gap in research: 

the need for reliable, non-invasive, and early detection techniques such as those potentially offered by HRV analysis. 

 

2. Literature Review 
CVDs remain the leading cause of morbidity and mortality worldwide, highlighting the critical importance of early 

diagnosis in high-risk individuals and the development of effective preventive and interventional strategies. Recent 

research has focused on creating multifactorial models that integrate physiological indicators, lifestyle factors, and clinical 

history to improve risk assessment reliability and enable a more personalized approach [14]. HRV, which measures the 

variation in time intervals between consecutive heartbeats (RR or NN intervals), is a non-invasive indicator widely used to 

assess cardiovascular health [15]. In the context of ischemic heart disease, reductions in the time-domain indices SDNN, 

RMSSD, and pNN50, along with changes in the LF/HF ratio, correlate with myocardial injury and a higher risk of adverse 

events, while an imbalance between LF and HF components reflects impaired autonomic regulation during ischemic 

episodes. This review systematizes these key HRV parameters and underscores their clinical relevance for monitoring and 

managing patients with IHD [6, 16]. In patients with IHD and arrhythmias, HRV metrics are significantly reduced 

compared to healthy individuals. Notably, time-domain parameters such as SDNN, SDANN, RMSSD, pNN50, and the 

triangular HRV index, along with nonlinear measures like α, α1, α2, SD1, SD2, Approximate Entropy (AppEn), and 

Sample Entropy (SampEn), show marked decreases in these patients [17]. These changes reflect impaired autonomic 

regulation of the heart and underline the utility of HRV analysis for evaluating cardiac function and disease progression in 

IHD [15]. HRV, defined as the fluctuation in ventricular response intervals in patients with atrial fibrillation (AF), is 

recognized as a non-random phenomenon. Its nonlinear characteristics, particularly multiscale entropy (MSE), are 

https://creativecommons.org/licenses/by/4.0/


 
 

               International Journal of Innovative Research and Scientific Studies, 8(5) 2025, pages: 1909-1925
 

1911 

considered to carry clinically relevant information. Numerous studies have demonstrated associations between HRV 

parameters and the risk of ischemic stroke in patients with AF. Multiscale entropy analysis of HRV has been proposed as a 

potential predictor of ischemic stroke in this patient population [18]. Higher values of sample entropy at specific time 

scales, derived from 24-hour Holter ECG recordings, were found to be associated with a greater likelihood of ischemic 

stroke in AF patients without prior history of stroke. HRV has also been utilized to evaluate cerebral hemisphere 

involvement in acute ischemic stroke (AIS). Comparative analysis of HRV in patients with right-hemispheric and left-

hemispheric strokes revealed significantly higher sample entropy values in the left-hemispheric group. This finding 

indicates a lower HRV complexity in right-hemispheric strokes, which may reflect increased sympathetic nervous system 

activity. These differences remained statistically significant during the analysis of daytime ECG segments, supporting the 

potential of HRV measures in lateralizing cerebral ischemic lesions [19]. Beyond diagnostic stratification, HRV has been 

explored as a basis for developing indices to predict favorable or unfavorable short-term outcomes in the acute phase of 

ischemic stroke [20]. 

Parallel to HRV, electrocardiographic alternans (ECGA) has emerged as a promising non-invasive marker for 

assessing ischemic conditions and arrhythmic risk. ECGA includes analysis of T-wave alternans (TWA), QRS alternans 

(QRSA), and P-wave alternans (PWA), derived from standard ECG recordings. Data from the STAFF III database, which 

involved controlled balloon inflation to induce coronary artery occlusion, revealed significant increases in the magnitude of 

ECGA signals measured via correlation-based methods. These increases were time-dependent, with PWA detected during 

the first minute, QRSA in the second, and TWA in the third minute of occlusion [21]. ECGA is being investigated as a non-

invasive electrophysiological indicator for risk stratification in patients with IHD [20]. While TWA has been studied in the 

context of IHD and heart failure, inconsistencies in experimental conditions and analytical methods have limited its 

interpretability [21]. Some studies suggest that combining TWA with HRV metrics may enhance diagnostic accuracy for 

detecting the progression of chronic heart failure. However, further research is required to establish its prognostic value 

specifically in IHD. Recent advancements emphasize the diagnostic potential of assessing all three alternans types TWA, 

QRSA, and PWA, simultaneously [22]. 

In addition to physiological metrics, growing attention has been directed toward genetic markers, particularly single-

nucleotide polymorphisms (SNPs), which complement conventional risk factors. It has been demonstrated that SNP panels 

combined with clinical data such as the SCORE index, age, and coronary angiography results can achieve diagnostic 

accuracies of up to 93% [23]. Moreover, several studies have identified candidate genes involved in inflammation, lipid 

metabolism, and thrombosis that show potential for enhancing CVD risk prediction. Genetic markers provide prognostic 

value independent of traditional variables and are especially relevant in the context of type 2 diabetes, with which CVD 

shares common genetic pathways linked to metabolic predisposition [24]. Incorporating genetic data into clinical risk 

models thus facilitates the advancement of personalized medicine. 

Traditionally, the assessment of cardiovascular function relies on ECG, which records the heart's electrical activity 

from the skin surface via electrodes [25]. However, over the past decade, the growing demand for continuous, user-

friendly, and cost-effective solutions has sparked an active search for alternative monitoring methods [26]. Against this 

backdrop, photoplethysmography (PPG) has attracted particular attention due to its simple hardware implementation and 

ease of integration into consumer-grade devices. Moreover, PPG offers a significantly cheaper and more convenient 

alternative to ECG for continuous heart monitoring in both clinical and consumer settings [27]. 

Conventional ECG systems, despite their high accuracy, require clinical supervision, meticulous electrode placement, 

and regular calibration, which increases operating costs and inconveniences users [25]. Breakthroughs in microelectronics 

and sensor technologies have led to the sharp miniaturization of PPG sensors, allowing their integration into wristbands, 

smartwatches, mobile phones, and in-ear devices, thereby democratizing access to continuous cardiovascular monitoring 

[28]. Further integration of PPG with wireless data-transfer protocols and cloud-based analytics platforms provides a 

unique combination of affordability, portability, and user convenience that conventional ECG systems cannot match [29]. 

Methods of machine learning demonstrate high efficiency in detecting anomalies associated with IHD. Comparative 

analyses of algorithms such as support vector machines, artificial neural networks, and deep learning models have shown 

that, with proper preprocessing and feature selection, classification accuracy may exceed 90% [30]. Unsupervised 

clustering methods, particularly k-means, have been applied to detect outliers in heart disease datasets, which enhances the 

performance of subsequent supervised classifiers [31]. Deep learning models trained on ECG signals automatically extract 

discriminative features that differentiate normal from ischemic patterns with near-perfect accuracy [32]. Visual diagnostic 

data derived from non-contrast CT, echocardiograms, and CT angiograms are increasingly analyzed using deep learning 

models. These models form hierarchical representations of coronary artery anatomy and myocardial motion, identifying 

subtle variations in vessel caliber and wall motion indicative of ischemia [33, 34]. Architectures such as autoencoders and 

encoder–decoder networks compress and reconstruct multidimensional data, producing interpretable latent features [34]. 

Unsupervised anomaly detection further leverages clustering to segment data by similarity metrics, where deviating 

samples are labeled as anomalies [31]. This is especially valuable in medical datasets with sparse or imbalanced labels. 

Synthetic oversampling methods such as SMOTE are employed to balance class distributions, notably improving support 

vector machine performance [30]. Experimental studies confirm the reliability of deep learning models in ECG-based 

detection of IHD and myocardial infarction, reaching classification accuracy above 98% compared to healthy individuals 

[32]. These models detect fine deviations in ST-segment morphology and QRS complex duration, key indicators of 

ischemic events. Hybrid architectures combining convolutional and recurrent layers further enhance performance by 

capturing both spatial and temporal dependencies in cardiovascular datasets [35]. 
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Demographic and anthropometric characteristics, particularly age and Body Mass Index (BMI), are also crucial 

components in risk models. Age is one of the most powerful independent predictors of CVD, as reflected in the 

Framingham Risk Score, while BMI as an indicator of obesity, is closely associated with metabolic and inflammatory 

processes contributing to cardiovascular pathology [36]. Another significant prognostic factor is the history of clinical 

interventions, including coronary angiography and revascularization procedures, which, when considered alongside other 

variables, can further refine risk stratification [37]. Behavioral factors such as smoking and alcohol consumption are 

equally important. Excessive alcohol intake and tobacco use are strongly associated with an elevated risk of IHD, whereas 

moderate alcohol consumption in non-smokers has occasionally shown a protective effect. However, this relationship is 

complex and may be confounded by additional variables such as physical activity and baseline health status, necessitating 

cautious interpretation [38, 39]. A comprehensive analysis of these elements suggests that incorporating data on harmful 

habits, genetic predisposition, demographics, clinical history, and HRV parameters provides the most holistic and 

personalized understanding of cardiovascular risk. 

Diagnosis refers to the process of determining the presence or absence of a specific disease, such as IHD, at a given 

point in time [40]. The primary goal of diagnosis is to confirm disease status, enabling timely medical intervention and 

appropriate treatment [41]. Diagnosing IHD remains a complex clinical task [40]. Although invasive coronary angiography 

is considered the gold standard for confirming the presence of coronary artery disease, there is an ongoing search for non-

invasive, cost-effective, rapid, and reliable diagnostic alternatives [42].  

Risk prediction focuses on estimating the likelihood of future adverse events, such as the onset of IHD, myocardial 

infarction, or cardiovascular mortality [43-45]. This process often relies on the identification and analysis of risk factors. 

Long-term risk prediction for IHD is a major area of research, aiming to identify individuals at high risk before disease 

onset or clinical manifestation. The purpose is to enable preventive strategies and early interventions. Machine learning 

models integrate clinical variables, imaging data, and other biomarkers to enhance predictive accuracy [43]. The analysis of 

HRV temporal irreversibility during sleep has been proposed as an independent predictor of cardiovascular events. 

Similarly, combining machine learning with CCT data has shown promise in improving cardiac risk prediction [44]. 

Closely related to risk prediction is prognostication, which refers to forecasting the probable course or outcome of a disease 

after diagnosis. This includes predicting adverse cardiovascular events or mortality in patients with established disease 

[46]. Ischemia detected by stress cardiac magnetic resonance imaging (CMR) has been strongly associated with adverse 

cardiovascular outcomes, regardless of patient sex [47].  

Machine learning algorithms have been widely utilized for the classification of cardiovascular conditions using HRV 

features derived from ECG signals [48]. Among these methods, the ensemble technique Random Forest (RF) is noted for 

its ability to handle the nonlinear patterns inherent in HRV data and achieved 95.1% accuracy in binary discrimination 

(normal vs diseased) and 84.8% accuracy when distinguishing among five specific heart-disease categories. The K-Nearest 

Neighbors (KNN) algorithm is also referenced in related studies focused on cardiovascular disease detection using ECG 

and biosignal data. For instance, KNN has been applied to classify the cardiac health status of drivers based on HRV 

parameters [49]. Decision Trees (DT) are among the machine learning techniques used in HRV-based heart disease 

detection, with one study reporting a classification accuracy of 92.86% when assessing the cardiovascular health status of 

drivers [50, 51].  

Current research on cardiovascular disease detection using HRV and ECG-based machine learning methods faces 

several notable limitations. Small sample sizes and narrow population representations are common, reducing the statistical 

validity and strength of the findings [51]. Class imbalance within datasets, where the number of healthy versus diseased 

individuals or different disease subtypes is uneven, can impair model performance and introduce bias [48]. A major 

concern is the limited external validation of proposed models on independent datasets, which undermines their reliability 

and reproducibility [52]. Many algorithms are developed under controlled clinical conditions and lack applicability in real-

world settings, where early diagnosis is crucial. The technical complexity and poor interpretability of extracted features 

also hinder the integration of such methods into clinical practice, posing challenges for trust and acceptance among 

healthcare professionals [48, 51]. 

Many studies lack adequate consideration of model uncertainty, which is a critical aspect when using machine learning 

algorithms. Neglecting this factor reduces the reliability of the results and limits their reproducibility [48]. Linear methods 

for HRV analysis have limited sensitivity and fail to detect complex patterns in physiological signals. Modified nonlinear 

methods demonstrate greater effectiveness in identifying atypical patterns, including U-shaped dependencies [18-20]. In a 

study focused on the diagnosis of IHD, the AUC value for exercise testing was significantly lower compared to results 

obtained through the analysis of volatile organic compounds (VOCs). This indicates a lower diagnostic relevance of 

exercise testing in this context [52]. Several studies focus only on short-term outcomes. A study aimed at predicting stroke 

outcomes based on HRV indicators did not consider long-term cardiovascular events. 

While the link between Heart-Rate Variability (HRV) and cardiovascular disease is well established, a practical 

method for ischemic heart disease (IHD) screening with consumer-grade photoplethysmography (PPG) sensors is still 

lacking, and the most informative HRV biomarkers obtainable from such devices have yet to be defined. To address this 

gap, the present pilot introduces Zhurek, a fingertip PPG device designed in-house that performs on-board, real-time 

analysis of HRV metrics and securely streams the data to a cloud repository. Bench tests against a three-lead Holter ECG 

show clinically acceptable differences of −0.601 bpm for mean heart rate, +33.1 ms for SDNN, and −4.8 ms for RMSSD. 

Using Zhurek, HRV recordings were collected from 20 healthy volunteers and 20 angiographically confirmed IHD patients 

(18-70 years old) drawn from the Cardiology center in Almaty, Kazakhstan. Eight candidate features, SDNN, RMSSD, LF, 

HF, LF/HF, Max_HR, BMI, and age were explored. Mann–Whitney testing revealed significant group differences for 
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SDNN, LF, HF, Max_HR, BMI, and age with p < 0.05. Principal component analysis showed that the first two components 

explain 49.5% of total variance and already separate the cohorts without labels. CatBoost feature ranking identified LF 

power at about 44 percent importance, age at about 19 percent, and HF power as the most discriminative factors. The 

results of this pilot study demonstrate that measurements obtained with an affordable PPG device allow for the analysis of 

key HRV markers. While this method is not intended to replace the "gold standard" 24-hour Holter monitoring it shows the 

potential of low-cost wearable sensors for HRV analysis. This research lays the foundation for developing future scalable 

and cost-effective screening and monitoring systems for ischemic heart disease (IHD). 

 

3. Materials and Methods 
3.1. System Description 

The proposed hybrid physiological monitoring system is engineered for continuous HRV analysis to enable the 

ambulatory assessment of autonomic nervous system status. The system integrates a wearable sensing device with on-

device signal processing and remote data logging, as shown in Figure 1.  

 

 
Figure 1.  

Architecture and description of the system.  

 

The overall system, as shown in Figure 1, is composed of three integrated subsystems: the sensing and processing 

module, the communication and storage layer, and the analytics and classification domain. 

At the sensing module, the Zhurek IoT device is responsible for acquiring photoplethysmographic (PPG) signals and 

computing core HRV metrics in real time. The device captures fingertip-based PPG data, processes it locally to extract 

time-domain features, and prepares it for wireless transmission. The embedded software processes the raw signal in real 

time and extracts several well-established HRV metrics, including heart rate (HR), RR intervals, SDNN, and RMSSD. A 

detailed description of Zhurek’s hardware and firmware architecture is provided in Section 3.2. 

Processed HRV features are encapsulated in JavaScript Object Notation (JSON) format and transmitted via Wi-Fi 

using the MQTT protocol. The device publishes data to the topic zhurek/ppg/hrv, which is managed by Mosquitto 2.0 

MQTT broker hosted on a centralized server. All communication is secured using TLS 1.3 with mutual certificate-based 

authentication to ensure data integrity and privacy. 

At the storage layer, incoming MQTT messages are parsed and stored in a relational SQL database. Each record is 

time-stamped using a synchronized internal real-time clock, which is regularly updated via Network Time Protocol (NTP) 

to maintain temporal accuracy across devices. In parallel, the wearable device retains a local backup log in CSV format, 

providing redundancy in case of connectivity loss. 

At the analytics domain, our focus was on exploring the relative importance of physiological and behavioral features in 

distinguishing between healthy individuals and patients with IHD, rather than predictive modeling. We employed a 

multifaceted approach, including statistical hypothesis testing with the Mann–Whitney U test to identify features with 

significant distributional differences, and Principal Component Analysis (PCA) as an unsupervised technique to explore 

latent structures and visual separation between groups. Specifically, CatBoost was utilized for feature importance analysis 

across the pilot dataset, which comprised 40 samples in total. Given the limited sample size, we deliberately excluded 

model performance metrics to avoid statistical overfitting and misinterpretation. Instead, the emphasis was on identifying 

which HRV and clinical variables, such as LF power, age, HF power, and Max_HR showed the strongest discriminative 

signals. This exploratory approach supports hypothesis generation and informs future large-scale studies aiming to develop 

robust, generalizable models for cardiovascular health monitoring. 

In the analytics and classification domain, the extracted HRV features are utilized to predict the risk of autonomic 

dysfunction associated with IHD. The stored data is periodically processed using various machine learning algorithms, 

including gradient boosting methods (such as XGBoost and CatBoost), random forests (RF), interpretable generalized 

additive models (EBM), and hybrid architectures combining deep neural networks (DNN) with least-mean-square support 

vector machines (LMSVM). These models are trained on labeled datasets to classify patients by risk level and to detect 
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early patterns of dysfunction. This approach enables automated preliminary diagnostics and supports wellness assessment 

and risk stratification in remote monitoring scenarios. 

This system enables continuous monitoring and structured data analysis by integrating embedded signal processing, 

secure wireless transmission, and modular analytics. The use of open-source tools and commercially available components 

supports reproducibility and facilitates deployment in remote monitoring scenarios. 

 

3.2. Zhurek IoT Device 

Zhurek, shown in Figure 2, is a custom-engineered, non-invasive wearable device designed to capture and process 

photoplethysmographic (PPG) signals in real time. Its compact form factor, self-contained electronics, and on-device 

analytics make it suitable for long-term ambulatory monitoring outside clinical environments. 

The device integrates the MAX30102 optical sensor (DFRobot Gravity: SEN0344) with a Raspberry Pi Zero 2 W 

microcontroller (ARM Cortex-A53, 1 GHz, 512 MB RAM) running Raspberry Pi OS Lite (64-bit). Only the infrared 

channel is used for signal acquisition, sampled at 100 Hz over a hardware I²C bus (address 0x57). The sensor is enclosed in 

a 3D-printed PLA shell with an IR-shielded finger clip and soft elastomer padding to reduce motion artifacts and ambient 

interference. 

All acquisition and processing code is implemented in Python 3.11, with smbus2 used for I²C communication. The raw 

PPG signal undergoes baseline correction and smoothing (via moving average filtering). A derivative-based peak detection 

algorithm derived from HeartPy identifies cardiac cycles, with physiological validation applied to exclude outliers. RR 

intervals are calculated from peak timestamps, and time-domain HRV metrics, heart rate (HR), SDNN, and RMSSD, are 

computed in 30-s windows with a 5-s step. Frequency-domain metrics (LF, HF, LF/HF) and Max_HR are obtained offline, 

together with anthropometric features BMI and age, forming an eight-item feature vector. 

Each result is serialized as a JSON object and published via MQTT. In addition to live data transmission, the device 

logs results locally in CSV format as a fallback mechanism. All data points are timestamped using a real-time clock (RTC) 

synchronized periodically via NTP. 

Zhurek delivers optimal signal quality and high physiological accuracy under resting conditions. Resting monitoring 

reduces motion artefacts and yields stable autonomic patterns, ensuring reliable HRV computation. Validation results align 

with published evidence showing that resting acquisition provides the greatest accuracy and reproducibility for HRV, gas 

exchange, and metabolic rate measurements [53-55]. Remote HR and HRV recorded in this state correlate closely with 

ECG readings, and baseline metabolic rate, together with respiratory exchange ratio, remains stable and accurate during 

steady rest [55]. Physiological data collected under these conditions faithfully reflect autonomic nervous system activity 

and serve as a robust baseline for IHD risk surveillance. 

The clinical utility and predictive value of numerous Heart Rate Variability (HRV) parameters are well-established in 

existing literature. Prior research [56] primarily using the gold-standard electrocardiograph (ECG), has confirmed that 

metrics such as SDNN, RMSSD, and the triangular index are significantly associated with patient outcomes. The primary 

challenge, however, lies in translating this diagnostic power from clinical-grade ECGs to convenient, non-invasive 

wearable devices. 

To address this, the present validation study was conducted to assess the suitability of a modern wearable device for 

HRV analysis by comparing its readings against a reference clinical-grade three-lead Holter monitor. The results 

demonstrated a high degree of concordance between the two systems. Key time-domain parameters showed strong 

alignment, validating the tested device as a reliable surrogate for structured HRV analysis. 

These findings are consistent with a growing body of research focused on validating PPG-based sensors. Authors of 

the study [56] also validated a wearable device, demonstrating that its HRV readings closely align with reference ECG data 

and can serve as a valid substitute for longer, standard measurements. Further reinforcing this, another study [57] found 

that the accuracy of certain PPG-derived HRV parameters could be adequate for patient monitoring, underscoring the 

importance of parameter-specific evaluation. 

 

3.3. Data collection 

To ensure the robust training and evaluation of machine learning models for IHD prediction, HRV data were collected 

from two independent cohorts: a clinical group of patients with confirmed cardiovascular diseases and a healthy control 

group. This dual-cohort design allows the models to learn patterns of autonomic dysfunction observed in real-world 

pathological states while distinguishing them from the normal physiological variability found in healthy individuals. 

Monitoring of both cohorts was conducted using high-quality RR-interval acquisition devices to ensure the consistency 

and reliability of HRV measurements. Recordings from participants diagnosed with IHD and from healthy volunteers were 

collected under controlled laboratory conditions using a three-lead ECG device and our custom-built PPG-based Zhurek 

device. While ECG remains the "gold standard" for RR-interval detection, our study demonstrates that with proper signal 

processing and validation, PPG-based devices like Zhurek can provide HRV metrics with sufficient accuracy for machine 

learning-based risk stratification. Using both modalities within a unified framework helps to avoid data bias and reflects the 

practical realities of wearable cardiovascular monitoring. 

 

3.3.1. Clinical Cohort 

HRV data of adult inpatients with confirmed cardiovascular conditions were acquired at the Research Institute of 

Cardiology and Internal Diseases (Almaty, Kazakhstan). Diagnoses were established according to clinical protocols under 
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the supervision of the institute’s cardiology department. Continuous recordings were collected using clinical-grade multi-

lead Holter ECG monitors and the Zhurek device. 

Participants represented both early and advanced stages of cardiovascular pathology. This broad distribution increases 

population heterogeneity and supports the development of generalizable machine-learning models. All recordings were 

stored as high-resolution numerical RR-interval files, and the resulting dataset already includes the key HRV variables 

heart rate (HR), RR intervals, SDNN, and RMSSD automatically computed and ready for downstream analysis. 

 

3.3.2. Healthy Control Group 

To establish a physiological baseline for HRV under normal autonomic conditions, data were collected from healthy 

volunteers. All participants reported no history of cardiovascular, neurological, or metabolic disorders. To minimize 

confounding factors, participants were instructed to abstain from alcohol, tobacco, caffeine, and intense physical activity 

for at least 24 hours prior to data collection, and to maintain regular sleep (7–8 hours) the night before. Participants were 

excluded if they had an acute illness, failed to meet the preparation criteria, or if signal recordings showed excessive 

artifacts. 

Measurements were performed using a three-lead ECG Holter and the "Zhurek" IoT device, which integrates a 

MAX30102 PPG sensor with a Raspberry Pi Zero 2 W microcontroller. The infrared PPG channel was attached to the 

participant’s fingertip using a shielded clip. Data were collected at 100 Hz via the hardware I²C interface. The device 

computed HRV features, including HR, RR intervals, SDNN, and RMSSD in real time using a 30-second rolling window. 

All measurements were stored in CSV format with high-resolution timestamps for later processing. 

Demographic data for the healthy cohort and HRV feature distributions for this group are summarized in Table 1. 

 
Table 1.  

HRV Metrics – Healthy Group. 

No.  Height Weight Age BMI Harmful habits Gender Genetic marker 

1 168 63 19 22.3 No Female No 

2 166 42 20 15.2 No Female No 

3 150 82 21 36.4 No Female No 

4 189 75 20 21 No Male No 

5 192 102 20 27.7 Yes Male No 

6 173 56 20 18.7 No Male No 

7 179 78 19 24.3 No Male No 

8 180 67 19 20.7 No Male No 

9 175 69 20 21.5 No Male No 

10 182 104 22 31.4 Yes Male No 

11 162 65 18 24.8 No Female No 

12 158 46 20 18.4 No Female No 

13 180 74 20 22.8 No Male No 

14 168 93 21 33 No Female No 

15 170 50 17 17.3 No Female No 

16 178 57 22 18 No Male No 

17 184 102 19 30.1 Yes Male No 

18 182 83 19 25.1 No Male No 

19 168 53 20 18.8 No Female No 

20 172 75 20 25.4 Yes Female No 

 

3.4. Data Preprocessing 

In this pilot study, data preprocessing involved the integration of two distinct cohorts: a healthy control group and a 

clinical group of patients diagnosed with IHD. The healthy group consisted of 20 adults aged between 18 and 22 years, 

while the IHD group comprised 20 patients selected from a larger dataset of exactly 300 individuals with confirmed IHD 

diagnosis, whose ages ranged from 18 to 92 years. For the purposes of this pilot study, only patients within the 18 to 71 age 

range were included. To ensure consistency in temporal resolution, one hour of continuous HRV data was extracted from 

each IHD patient’s 24-hour ECG recording, aligning with the one-hour PPG-based recordings collected from the healthy 

cohort using the Zhurek device. 

Several categorical variables were encoded numerically to facilitate analysis. Gender was binary-coded as Male (1) and 

Female (0). The “Bad Habits” variable was encoded as 1 for individuals who reported engaging in behaviors such as 

alcohol consumption, smoking, or regular intake of energy drinks, and 0 for those with no such behaviors. Genetic 

predisposition was captured through a “Genetic Marker” variable with the following encoding: 0 indicated no reported 

CVD history in family or a history limited to non-CVD conditions; 1 denoted a confirmed family history of cardiovascular 

conditions such as hypertension, IHD, myocardial infarction, or stroke; and 2 indicated a history of only non-cardiovascular 

illnesses among relatives. Surgical history was recorded in the “Operations” variable, with 0 representing no prior 
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operations, 1 indicating operations unrelated to cardiovascular pathology, and 2 signifying cardiovascular-related surgical 

interventions. 

The pilot study’s dataset included key physiological features such as SDNN, PNN50, RMSSD, LF, HF, and the LF/HF 

ratio all of which are established HRV metrics reflecting autonomic nervous system activity [58]. Additionally, Max_HR 

(maximum heart rate observed during recording) and BMI were included, with BMI calculated using the standard formula 

[59]: 

 

𝐵𝑀𝐼 =
𝑊𝑒𝑖𝑔ℎ𝑡 (𝑘𝑔)

𝐻𝑒𝑖𝑔ℎ𝑡 (𝑚)2                                                                                              (1) 

 

All data were checked for consistency, and entries with missing, malformed, or outlier values were excluded. Non-

numeric values were converted to numerical form where applicable, including the transformation of decimal commas to 

periods. This preprocessing ensured that the dataset was clean, consistent, and suitable for downstream statistical analysis 

and visualization. 

 

3.5. Feature Analysis and Selection 

Boxplots were initially applied to provide an intuitive and compact visualization of the distributional characteristics of 

physiological features across subject groups. Introduced by Tukey in 1977, the boxplot is a widely used exploratory tool for 

visualizing the five-number summary: the minimum, first quartile (Q1), median, third quartile (Q3), and maximum. Its 

ability to simultaneously present measures of central tendency and variability makes it particularly suitable for the rapid 

comparison of multiple distributions [60]. To further explore the underlying relationships among these variables, a 

correlation heatmap was subsequently employed. 

A correlation heatmap is a visual representation of a correlation matrix, where each cell shows the strength and 

direction of a linear relationship between two variables. The correlation coefficient, denoted as r, ranges from −1 to +1: 

values near +1 indicate a strong positive correlation, values near −1 indicate a strong negative correlation, and values close 

to 0 suggest little or no linear association [61]. 

The correlation coefficient r between two variables x and y is calculated as:  

 

𝑟𝑥𝑦 =
∑ (𝑥𝑖− 𝑥)(𝑛

𝑖=1 𝑦𝑖− 𝑦)

√∑ (𝑥𝑖−𝑥)2 ∑ (𝑦𝑖−𝑦)2𝑛
𝑖=1

𝑛
𝑖=1

                                                                                              (2) 

 

where xi and yi are individual sample points, 𝑥 and 𝑦 are the means of x and y, respectively, and n is the number of data 

points.  

The correlation matrix R for n variables is given by:  

 

𝑅 =  [

𝑟11 𝑟12 … 𝑟1𝑛

𝑟21 𝑟22 … 𝑟2𝑛

⋮ ⋮ ⋱ ⋮
𝑟𝑛1 𝑟𝑛2 … 𝑟𝑛𝑛

]                                                                                              (3) 

 

where rij is the correlation coefficient between variable i and variable j. 

A perfect self-correlation appears along the diagonal, where each variable is correlated with itself. This method allows 

for quick visual assessment of how variables interact or contrast within a dataset. 

We applied PCA as an unsupervised technique to reduce the dimensionality of the feature space and explore latent 

structure within the dataset. PCA transforms correlated variables into a smaller set of orthogonal principal components that 

retain the majority of the dataset’s variance, allowing for more compact and interpretable representations without relying 

on class labels. By projecting high-dimensional HRV and physiological features into a reduced space, PCA facilitates 

visual separation between groups and supports downstream analysis while minimizing noise and redundancy [62]. 

To assess whether the distributions of individual features differ significantly between healthy individuals and patients 

with IHD, the Mann–Whitney U test was employed. This non-parametric test is ideal for comparing two independent 

groups when the data may not follow a normal distribution, which is often the case in physiological and clinical datasets 

[63]. The core idea behind the test is to evaluate whether one group tends to have higher or lower values than the other. All 

observations from both groups are combined and ranked. The test statistic U is calculated by comparing the sum of ranks in 

each group. For a group of size n1 with rank sum R1, the U statistic is computed as [64]:   

 

𝑈 = 𝑛1𝑛2 +
𝑛1(𝑛1+1)

2
− 𝑅1                                                                                              (4) 

 

where n1 and n2 are the sample sizes of the two groups, and R1 is the sum of the ranks for the first group. U2 is calculated 

similarly. The smaller of U1 and U2 is used as the test statistic. The test was implemented using Python, specifically the 

mannwhitneyu function from the scipy.stats module. Healthy and IHD datasets were first loaded separately. For each 

feature, the Mann–Whitney U test was applied using a two-sided alternative hypothesis to determine whether its 
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distribution differed significantly between the two groups. The script reported the U statistic and associated p-value for 

each variable, and features with p-values below 0.05 were considered statistically significant [65].  

Feature importance analysis using the CatBoost algorithm was conducted to explore which physiological and clinical 

variables contribute most to differentiating healthy individuals from patients with IHD. This was implemented as part of a 

pilot study, where the primary goal was not prediction but rather to identify features with the strongest discriminatory 

signals between the two groups. The pilot dataset consisted of 40 samples, comprising 20 healthy participants and 20 IHD 

patients. Given the limited sample size, we deliberately avoided model evaluation or performance metrics, as any results 

would be statistically unreliable and potentially misleading. Instead, the focus was on identifying promising features worth 

retaining and expanding upon in the larger cohort analysis. 

 

4. Results 
4.1. Participant Characteristics and HRV Data Collection 

HRV data were collected from two distinct groups: individuals clinically diagnosed with IHD and healthy control 

participants with no known cardiovascular conditions. All subjects underwent standardized HRV recording sessions. 

Descriptive statistics of key HRV metrics for both the healthy control group and the IHD group are summarized in Table 2 

and Table 3, respectively. The analyzed features include the time-domain measures SDNN, PNN50, and RMSSD, along 

with the frequency-domain measures LF, HF, and the LF/HF ratio. These values provide an overview of the autonomic 

nervous system activity in both populations and highlight potential differences in HRV patterns between healthy 

individuals and those with IHD [66]. 

 
Table 2.  
Summary of HRV Metrics in Healthy Control Group.  

No SDNN PNN50 RMSSD LF HF LF/HF 

1 72.4 24.45 46.4 0.08 0.06 1.39 

2 53.93 15.59 37.76 0.06 0.04 1.54 

3 39.33 1.71 18.63 0.05 0.03 1.54 

4 47.82 5.9 26.55 0.06 0.04 1.53 

5 68.21 36.37 58.38 0.06 0.09 0.71 

6 65.65 20.89 43.3 0.07 0.07 1.01 

7 95.05 40.89 64.28 0.09 0.09 1.02 

.……       

…….       

…….       

19 93.95 33.4 58.35 0.1 0.09 1.18 

20 33.96 7.7 23.57 0.03 0.03 0.99 

 
Table 3.  
Summary of HRV Metrics in IHD Group.  

No. SDNN PNN50 RMSSD LF HF LF/HF 

1 89 36.34 56 0.37 0.35 1.05 

2 99 1.26 18 0.30          0.16 1.84 

3 80 2.08 22 0.19 0.16 1.20 

4 61 1.02 15 0.18 0.12 1.55 

5 124 16.67 41 0.44 0.26 1.67 

6 69 7.47 31 0.29 0.27 1.08 

7 88 2.79 28 0.25 0.19 1.30 

.……       

…….       

…….       

19 72 15.63 39 0.23 0.22 1.04 

20 59 3.17 23 0.26 0.26 1.00 

 

As shown in Figure 2, the boxplots reveal distinct patterns across key physiological and HRV-related variables. The 

IHD group exhibits elevated values for SDNN, LF, and HF, indicating greater total variability and power in both LF and 

HF bands. In contrast, RMSSD, a marker of parasympathetic activity, shows different patterns [67] that were elevated in 

the healthy group, indicating enhanced autonomic adaptability, as higher RMSSD values are associated with greater 

flexibility of the autonomic nervous system compared to lower values [65]. The LF/HF ratio remains relatively stable 

across both groups, with no marked difference in median values. Max HR was observed to be higher in participants with 
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IHD. BMI values show mild intergroup variability, with a higher median in the IHD group, aligning with the established 

role of excess body weight in cardiovascular risk [68]. 

 

 
Figure 2.  

Comparative distribution of physiological variables between healthy individuals and patients with IHD.  

 

As illustrated in Figure 3, the distribution of categorical variables reveals key lifestyle and clinical differences between 

healthy individuals and patients with IHD. In the Genetic Marker category, the majority of healthy participants fall under 

class 0 (no reported family history of cardiovascular disease), whereas most IHD participants are classified as 1 (presence 

of cardiovascular disease in family history), supporting the role of heredity in CVD [69]. Regarding operations, healthy 

individuals predominantly report no surgical history (0), while IHD patients are more likely to have undergone 

cardiovascular-related (2) or non-cardiovascular (1) procedures, indicating greater clinical intervention in this group. In the 

bad habits category, unhealthy behaviors such as smoking, alcohol, or energy drink consumption (1) are more prevalent in 

the IHD group compared to the healthy cohort. 

 

 
Figure 3.  

Group-wise distribution of categorical variables related to genetic predisposition, surgical history, and behavioral risk factors.   
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The correlation heatmaps, as shown in Figure 4, illustrate the interrelationships between physiological, behavioral, and 

HRV features in healthy individuals and patients with IHD. The matrices reveal distinct patterns between the two cohorts, 

with healthy individuals exhibiting strong positive correlations among HRV features such as SDNN, RMSSD, and PNN50. 

In contrast, the IHD group exhibits a more disrupted correlation structure compared to the healthy group. Additionally, 

lifestyle factors such as unhealthy habits show positive correlations with impaired HRV in the IHD group, whereas they 

exhibit negative correlations with HRV features in the healthy group. As shown in the matrix, the diagonal line of red cells 

corresponds to perfect self-correlation, where each variable is perfectly correlated with itself. 

 

 
Figure 4.  

Correlation heatmaps of physiological and categorical features in healthy participants and patients with IHD.  

 

Table 4 presents the results of the Mann–Whitney U test to evaluate whether the distributions of individual features 

differ significantly between healthy individuals and patients with IHD. Several features demonstrated statistically 

significant differences between the two groups, including BMI, SDNN, LF, HF, and Max_HR, all of which had p-values 

below 0.05. These findings highlight the discriminatory potential of autonomic nervous system activity and cardiovascular 

dynamics in distinguishing between healthy individuals and those with IHD. Other features, such as PNN50, RMSSD, and 

LF/HF ratio, did not reach statistical significance; however, they may still contribute valuable information in multivariate 

analyses or clinical interpretation. 

 
Table 4.  

Statistical Comparison of Physiological Feature Distributions Between Healthy and IHD Groups Using the Mann–Whitney U Test. 

Feature p-value Significance 

BMI 0.042464 Yes 

SDNN 0.025625  Yes 

LF 6.49e-08 Yes 

HF 9.47e-08  Yes 

PNN50 0.072032 No 

RMSSD 0.126377 No 

LF/HF 0.432537 No 

Max_HR 0.008343 Yes 

Age 9.34e-07 Yes 

 

To better understand the structure of the dataset and examine whether healthy individuals and IHD patients exhibit 

distinct physiological profiles, we applied PCA. For visualization purposes, we focused on the first two principal 

components, which together accounted for approximately 49.5% of the total variance, 27.3% from PC1 and 22.2% from 

PC2. 

As illustrated in Figure 5, the projection onto the PC1–PC2 space reveals a visible separation between the two groups. 

Healthy participants (marked in grey) tend to cluster in a different region of the plot than those with IHD (shown in blue), 

suggesting that the original physiological and categorical features contain sufficient variation to differentiate the groups 

even in an unsupervised setting. This finding supports the relevance of the selected features and provides a strong rationale 

for their use in downstream supervised modeling and feature importance analysis. 
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Figure 5.  

Principal Component Analysis (PCA) of Physiological Features in Healthy and IHD Groups.  

 

As part of our exploratory analysis, we examined the most influential features identified by the CatBoost algorithm to 

understand which physiological and clinical variables may contribute to group separation. While predictive performance 

was not the focus at this stage, this preliminary assessment highlights variables with the highest potential for distinguishing 

between healthy individuals and IHD patients. 

As shown in Figure 6, the CatBoost classifier identified the five most important features for distinguishing between 

healthy individuals and patients with IHD. The LF component of HRV emerged as the top-ranked feature, accounting for 

approximately 44% of the total feature importance. Age followed with a relative importance of about 19%, while the high-

frequency HF HRV component ranked third. Two additional features, Max_HR and tRMSSD, each contributed 

approximately 2–3% to the model’s overall discriminative performance. 

 
Figure 6.  

Average Feature Importance Scores from CatBoost Across 5-Fold CV (Pilot Dataset).  

 

To assess the model’s reliance solely on physiological features, the age variable was removed, and the CatBoost 

classifier was applied to the pilot dataset. As no test set was used, the goal was not to evaluate predictive performance but 

to identify the most influential contributors to the model’s internal decision process. As shown in Figure 7, the LF 

component of HRV emerged as the most important feature, accounting for approximately 54.4% of the total importance. 
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The HF component followed with 25.6%, indicating the model's sensitivity to autonomic nervous system indicators. Three 

additional features, Max_HR, RMSSD, and PNN50, each contributed between 2.8% and 3.1%, indicating a secondary but 

still relevant role in the model’s discriminative capacity. 

 
Figure 7.  

Average Feature Importance Scores from CatBoost Across 5-Fold CV without age (Pilot Dataset).  

 

5. Discussion 
One of the primary objectives of this pilot study was to evaluate the performance and reliability of the Zhurek IoT 

device, a non-invasive tool engineered to capture and process PPG signals in real time under real-world, ambulatory 

conditions. HRV data from IHD patients and the healthy group were collected using the Zhurek device and standard three-

lead Holter ECG monitors in a clinical setting. Several key indicators, such as SDNN, LF, and Max_HR showed 

statistically significant intergroup differences, supporting the diagnostic sensitivity of the "Zhurek" device. Moreover, 

principal component analysis (PCA) revealed a clear separation between healthy participants and IHD patients in the 

reduced-dimensional feature space, reinforcing the quality and informativeness of the PPG-derived signals. Importantly, the 

use of the Zhurek device did not introduce signal noise or measurement artifacts substantial enough to obscure group-level 

distinctions or lead to misclassification when compared with CVD patients. These findings confirm that our "Zhurek" 

device can be trusted to generate meaningful cardiovascular data and is well-suited for scaling up to larger population 

studies. 

The prominence of LF as the most influential variable suggests that autonomic nervous system modulation, 

particularly sympathetic activity, plays a significant role [70] may be a key physiological marker differentiating individuals 

with IHD from healthy controls. Age ranking second aligns with well-established clinical evidence linking increasing age 

to elevated cardiovascular risk [71]. The HF power, typically associated with parasympathetic (vagal) activity, was also a 

major contributor [70]. Although Max_HR contributed relatively less to the model, it still ranked within the top five, 

suggesting that transient HRV and beat-to-beat interval variations carry some diagnostic weight, even if less strongly 

predictive on its own. RMSSD did not reach statistical significance in the Mann–Whitney U test; however, it was ranked 

among the top five most important features by the CatBoost model. This indicates that, while its standalone distribution 

may not differ substantially between groups, RMSSD plays a meaningful role when analyzed alongside other variables. Its 

contribution in the multivariate setting underscores the value of using machine learning to uncover nuanced patterns not 

captured by traditional statistical methods. To further explore the model’s behavior without demographic influence, we 

repeated the feature importance analysis after removing the age variable. In this setting, LF remained the most dominant 

contributor, reinforcing its role as a key physiological marker. HF followed as the next most important feature, again 

highlighting the relevance of autonomic regulation. 

Some limitations should be acknowledged in the current pilot study. The data for the two groups were collected using 

different protocols: PPG recordings for healthy individuals and ECG monitoring for patients, creating variability in signal 

quality that could bias the classifier. ECG captures the heart’s electrical activity using electrodes placed on the skin surface 

[26]. Comparative studies consistently show that ECG outperforms other modalities in terms of signal quality and 

respiratory signal extraction, and even in scenarios involving spontaneous breathing, it demonstrates slightly better fidelity 

[72]. However, ECG is prone to interference and motion artifacts when skin contact is unstable [73]. In contrast, PPG is an 

optical technique that measures volumetric changes in blood flow within the microvascular bed using light absorption or 

reflection [26]. PPG sensors are typically placed on peripheral sites such as the fingertips, earlobes, or wrists, where they 

detect changes in light absorption corresponding to blood volume pulses [74]. Since PPG captures hemodynamic changes 

indirectly, factors such as poor peripheral perfusion or incorrect sensor placement can substantially degrade signal quality 

and reduce diagnostic specificity [26]. Despite these limitations, research suggests that PPG-based devices can perform 
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comparably to ECG in specific applications like atrial fibrillation detection, especially when advanced signal processing 

and algorithmic enhancements are applied [75].  

Another notable limitation of this pilot study is the relatively narrow age distribution among participants, particularly 

within the healthy control group, which was largely composed of younger individuals. Despite this, age emerged as the 

second most important discriminative feature in the CatBoost model, highlighting its strong influence on HRV-related 

cardiovascular differences. This suggests that age may act as a confounding factor and, if not properly accounted for, could 

bias the interpretation of group differences. Therefore, in the larger-scale study, it will be essential to recruit a more age-

diverse sample across the healthy groups. 

 

6. Conclusion 
The pilot study demonstrated that PPG recordings obtained with the "Zhurek" device accurately reproduce HRV 

metrics with clinically acceptable precision. In comparative assessments, the deviation from the three-lead Holter monitor 

was -0.601 bpm for mean heart rate, +33.1 ms for SDNN, and -4.8 ms for RMSSD. HRV signals were collected from 20 

healthy volunteers and 20 patients with angiographically confirmed ischemic heart disease (IHD), and a total of 8 features 

were calculated. These features included SDNN, RMSSD, LF, HF, LF/HF, Max HR, BMI, and age. 

The Mann–Whitney test revealed statistically significant differences for SDNN, LF, HF, Max_HR, BMI, and age with 

a p-value < 0.05. The first two principal components explained 49.5% of the total variance and separated the groups 

without labels, confirming the informativeness of the selected features. The CatBoost algorithm identified that LF made the 

largest contribution (about 44%), followed by age (about 19%) and HF, while Max_HR and RMSSD had a smaller impact. 

Thus, short sessions using the Zhurek device allow for the detection of autonomic markers previously available only 

through 24-hour monitoring and lay the foundation for scalable and affordable screening of ischemic heart disease. 

Several factors limit the interpretation of these results. The control group had a narrow age range, yet age proved to be 

one of the main discriminative features, highlighting the risk of confounding effects. The sample size was limited to forty 

observations, so operational model metrics were not calculated to avoid overfitting and misleading conclusions. 

Future research plans aim to expand the cohort to increase its size, and a multicenter longitudinal study is planned to 

evaluate the prognostic value of HRV indicators and to confirm the reproducibility of the identified features. The research 

plan also includes the integration of additional nonlinear HRV metrics and the expansion of automated analysis to ensure 

reliable risk stratification in ambulatory monitoring. Implementing these steps will enhance the clinical relevance of the 

Zhurek method and bring the transition from reactive treatment to proactive prevention of IHD closer to reality. 
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