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Abstract: 

Heart rate variability (HRV) is a non-invasive, reliable, and reproducible 

biomarker of autonomic nervous system (ANS) function. This review provides a 

critical and comparative analysis of the primary HRV evaluation methods 

(temporal, frequency, non-linear, and geometric) as applied to the early diagnosis 

and management of cardiovascular, metabolic, psychiatric, and neurological 

pathologies. We place particular emphasis on evaluating the accuracy, 

robustness, and clinical applicability of these methods. Recent advances in signal 

processing and artificial intelligence (AI) are paving the way for more precise 

real-time detection tools using portable devices suitable for telemedicine. 

However, challenges such as protocol heterogeneity, the confounding effect of 

heart rate, data imbalance in AI models, and a lack of standardization still limit 

large-scale clinical deployment. This study not only highlights the promising 

prospects of integrating HRV into personalized prevention strategies but also 

provides a critical discussion of methodological challenges and suggests avenues 

for future improvement, including the integration of explainable AI and robust 

validation frameworks. 

Key words: Heart rate variability (HRV), autonomic nervous system (ANS), signal 

processing, temporal analysis, frequency analysis, non-linear methods, telemedicine, cardiac 

monitoring. 

 

1-Introduction: 
 

Heart Rate Variability (HRV), defined as the variation in time intervals between consecutive 

heartbeats (RR intervals), has evolved from a simple research curiosity to a critical non-

invasive tool for assessing autonomic nervous system (ANS) function [1].The dynamic 

interplay between the sympathetic and parasympathetic branches of the ANS imprints 

complex patterns on heart rhythm, which HRV quantifies. 

The clinical relevance of HRV is well-established, with studies linking reduced HRV to 

various conditions, including coronary artery disease [2], hypertension, myocardial 
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infarction[3], and diabetic neuropathy[4]. Furthermore, its utility has expanded into 

psychiatry , geriatrics, and behavioral medicine. 

Recent technological advances have enabled more accessible HRV monitoring through 

portable devices and modern acquisition systems such as photoplethysmography imaging 

(PPGI) and Gyrocardiography (GCG). These innovations support the growing integration of 

HRV into telemedicine and personalized healthcare platforms. 

 

Despite its potential, the widespread clinical adoption of HRV faces significant hurdles. The 

field features a plethora of analysis methods, ranging from simple statistical measures in the 

time domain to complex non-linear and AI-based approaches, each with its own strengths, 

weaknesses, and interpretive caveats. This diversity, while a sign of a vibrant field, leads to 

challenges in reproducibility, comparability between studies, and clinical interpretation. 

Often, reviews tend to be descriptive, listing methods without providing a critical framework 

for their selection and application in specific contexts. 

The primary objective of this review is therefore to move beyond a descriptive listing and 

provide a systematic, critical, and comparative analysis of existing HRV analysis methods. 

We aim to systematically present and critique major HRV analysis methods while evaluating 

their performance across multiple dimensions, including accuracy, robustness, computational 

complexity, and clinical applicability. We will specifically address methodological 

challenges in AI-based approaches, such as data imbalance and interpretability issues, and 

provide a practical framework through comparative tables and an integrative figure to guide 

method selection. Finally, we will outline future directions for standardizing HRV analysis 

and integrating it into telemedicine and personalized healthcare platforms. 

Having established the clinical potential of HRV and the current methodological challenges, 

the following section presents the essential physiological foundations underlying the 

autonomic mechanisms that HRV aims to measure. 

                        

2. Physiological foundations and conceptual bases of VFC: 

2.1. Definition and Physiological Mechanisms: 

HRV is a biomarker of the autonomic nervous system's influence on the sinus node. The 

ANS, governed by a central autonomic network[5], continuously modulates heart rate 

through its sympathetic (acceleratory) and parasympathetic (decelerator) arms. Key 

mechanisms influencing HRV include: 

Respiratory Sinus Arrhythmia (RSA): The parasympathetically mediated heart rate 

fluctuation linked to the respiratory cycle[6]. 

- Baroreflex Sensitivity: This critical feedback mechanism, involved in blood pressure 

regulation, continuously adjusts heart rate in response to vascular stretch, contributing 

primarily to the low-frequency components of HRV. 

- Thermoregulation and Hormonal Influences: Slower regulatory processes reflected in the 

very low-frequency components of the HRV spectrum. 
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                                                     Fig.1: RR interval space [3] 

As illustrated in Figure 1, the representation of RR intervals provides the fundamental input 

for quantifying these autonomic oscillations. A crucial methodological consideration is the 

mathematical confounding effect of the basal heart rate itself on HRV measures. As 

demonstrated by Billman et al [7], higher heart rates can mechanically reduce HRV indices 

independent of autonomic tone, necessitating the application of appropriate correction 

methods for accurate physiological interpretation [8]. 

 

 2.2. Key HRV Parameters: A Synopsis: 

 

HRV analysis methodologies can be broadly categorized into three primary domains, each 

offering unique insights into autonomic function: 

- Time-Domain Analysis: This approach utilizes simple statistical measures derived directly 

from RR intervals (e.g., SDNN, RMSSD, pNN50) to quantify the overall magnitude of heart 

rate fluctuations over time. 

- Frequency-Domain Analysis: Spectral methods (e.g., FFT, AR modeling, Wavelet 

Transform) decompose the HRV signal into its constituent oscillatory components. This 

allows for the examination of power within specific frequency bands (VLF, LF, HF), which 

are associated with different physiological regulatory processes. 

- Non-Linear Domain Analysis: Derived from chaos and complexity theory, these methods 

(e.g., Entropy measures, Detrended Fluctuation Analysis, Poincare plots) aim to quantify the 

complexity and fractal-like properties of heart rate dynamics. They are often particularly 

sensitive to subtle, early pathological changes that may not be evident in linear analyses 

[9] [10]. 

                      

This foundation in the origins and measurement domains of HRV sets the stage for a critical 

examination of the specific analytical methods, their comparative strengths, and their optimal 

clinical applications, which is the focus of the following section. 

 

 3. A Critical Comparison of HRV Analysis Methods: 

This section provides a critical evaluation of the main HRV analysis methodologies, 

progressing from traditional to advanced approaches. Each method is assessed based on its 

fundamental principles, practical advantages, limitations, and optimal application contexts. 

 

3.1. Time-Domain Analysis: 

Principle & Indicators: Time-domain analysis involves the direct statistical or geometric 

examination of RR intervals. Common statistical measures include SDNN (reflecting overall 
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variability), RMSSD (representing parasympathetic activity), and pNN50 (quantifying the 

proportion of adjacent intervals differing by more than 50 ms). Geometric methods analyze 

the shape of RR interval histograms. 

Advantages: The primary strengths of time-domain analysis are its computational simplicity, 

intuitive interpretation, and proven robustness for long-term monitoring (e.g., 24-hour 

recordings). 

Limitations & Challenges: A significant limitation is its inability to distinguish between 

sympathetic and parasympathetic nervous activities. These measures are highly sensitive to 

artifacts and outliers. Furthermore, their reliability depends strongly on recording duration; 

for instance, SDNN is not recommended for short-term recordings. 

Optimal Context: This approach is best suited for initial screening, long-term risk 

stratification (such as 24-hour SDNN assessment post-myocardial infarction), and fitness 

tracking applications where computational resources are limited. 

 

 

3.2. Frequency-Domain Analysis: 

Principle & Indicators: Frequency-domain methods decompose the HRV signal into its 

constituent frequency components using various spectral estimation techniques. The key 

bands of physiological interest are LF (0.04-0.15 Hz), often associated with sympathetic 

modulation and baroreflex activity, and HF (0.15-0.4 Hz), primarily influenced by 

parasympathetic (vagal) activity linked to respiration. 

 

 

                          
 

                Fig. 2: Illustration of the frequency bands in spectral analysis [11] . 

 

As shown in Figure 2, these frequency bands provide a visual representation of autonomic 

oscillations. The analysis pipeline for spectral HRV assessment is systematic: beginning with 

the raw ECG signal acquisition, followed by crucial preprocessing steps including digital 

filtering and signal standardization. Frequency analysis, typically employing Fast Fourier 

Transform (FFT) or Autoregressive (AR) modeling, is then performed to generate the power 

spectrum, from which relevant spectral components are identified for clinical interpretation. 

Advantages: Spectral analysis allows for the potential distinction between sympathetic and 

parasympathetic influences under controlled conditions. AR modeling typically provides 

smoother spectra and better frequency resolution for short data segments compared to the 

classical FFT approach. 

Limitations & Challenges: The fundamental assumption of stationarity represents a major 

limitation, making standard FFT unsuitable for non-stationary signals commonly 

encountered in real-life settings. The physiological interpretation of the LF band remains 
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controversial and should not be considered a pure sympathetic indicator. While Wavelet 

Transform offers powerful time-frequency analysis capabilities for non-stationary signals, it 

introduces complexity in selecting the appropriate mother wavelet and carries higher 

computational costs. 

Optimal Context: FFT and AR methods are optimal for controlled, short-term resting 

assessments (e.g., tilt-table tests). Wavelet Transform is particularly valuable for analyzing 

transient events or dynamic conditions such as sleep apnea or stress induction protocols.   

               
 

 

 

 

                                    Fig. 3: Neuro-vegetative balance [12] . 
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                              Fig.4: ECG Signal Frequency Processing Diagram. 

 

The diagram illustrates the complete process of ECG signal frequency processing, structured 

in four main steps. The first step involves the input signal, which is the raw ECG signal 

captured directly from the electrodes. This signal contains all the electrical information 

related to cardiac activity. Next comes preprocessing, which involves two essential 

operations. First, digital filtering is applied to remove unwanted noise and artifacts. On the 

other hand, a normalization is carried out in order to homogenize the amplitude of the signal, 

thus guaranteeing a better quality of the data for the following analysis. The third step is 

frequency analysis, in which the Fast Fourier Transform (FFT) is used to decompose the 

signal into its different frequency components. Examining the spectrum allows us to identify 

the characteristic frequencies of the cardiac signal. Finally, feature extraction allows the 

collection of relevant information for medical analysis. Each step is linked to the next by a 

logical flow from the initial recording of the signal to obtaining the parameters useful for 

clinical interpretation. The Fast Fourier Transform (FFT) allows the spectral decomposition 

of the VFC signal, offering the advantage of rapid identification of frequency bands. 

However, it has limitations, including the need for a stationary signal and a lack of temporal 

information. In contrast, the wavelet transform (WT) is a time-frequency approach suitable 

for non-stationary signals, allowing for better analysis of transient variations in HRV. 

However, this method is more computationally complex. Wavelets were born from a need to 

analyze signals locally. Their origins date back to several scientific works, but one of the 

most notable was that of Jean Morlet in 1975, who, in the field of geophysics, proposed an 

approach inspired by Gabor. Unlike Fourier, Morlet varied the window size (instead of the 

number of oscillations), which allowed for better frequency and time resolution. Continuous 
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wavelet transforms (CWT): TOC is based on the use of a function called the mother wavelet, 

dilated and translated through parameters (a: scale, b: translation). It allows multiresolution 

analysis of the signal. This method respects admissibility conditions guaranteeing lossless 

reconstruction. TOC measures the similarity between the signal and distorted versions of the 

mother wavelet, which is valuable for analyzing signals with variable frequency content. For  

practical application, we use the discrete wavelet transform, where the parameters a and b 

are discretized. We adopt dyadic (logarithmic) sampling which avoids redundancies while 

preserving essential information. The DWT allows an efficient representation of the signal 

and facilitates reconstruction, with a good compromise between complexity and fidelity. 

Wavelets are currently used in many fields: image compression, signal denoising, fractal 

analysis, etc. In filtering, conjugate mirror filters (high-pass and low pass) are used to 

decompose and reconstruct the signal at different resolution levels. These filters are essential 

for perfect reconstruction, without data loss. Wavelet filtering offers a powerful solution 

suitable for non-stationary signals. It outperforms the Fourier transform in many situations, 

particularly for biomedical signals, thanks to its ability to provide a multi-resolution time-

frequency representation. It is now an essential tool in modern signal processing. 

 

3.3. Non-Linear and Fractal Analysis: 

Principle & Indicators: Non-linear methods quantify the complexity and self-similarity 

(fractal properties) of HRV signals. Key techniques include Detrended Fluctuation Analysis 

(DFA), which quantifies long-range correlations; Sample Entropy (SampEn), measuring 

signal regularity and predictability; and Poincare plots (with indices SD1, SD2), which 

visualize and quantify beat-to-beat variability. 

Advantages: These methods are highly sensitive to early pathological states that reduce 

system complexity, such as congestive heart failure and diabetes. They capture aspects of 

autonomic regulation that are typically invisible to conventional linear methods. 

Limitations & Challenges: A significant barrier to clinical adoption is the lack of standardized 

parameters for calculations (particularly for entropy measures) and the difficult physiological 

interpretation of the resulting indices. The results can be highly sensitive to data length and 

noise, requiring significant expertise for proper implementation and interpretation. 

Optimal Context: Non-linear analysis is most appropriately used in research settings for early 

disease detection, risk stratification in chronic conditions, and investigating the fundamental 

complexity of cardiac control mechanisms. 
Table 1. Classical Methods : 

 

Types of 

methods 

Subcategory / 

Example 

Description Key Indicator Typical 

recording 

time 

Statistics 

(Time) 

Averages, 

deviations 

Analysis of RR 

intervals (CI) 

SDNN, RMSSD, 

NN50, pNN50, CVr 

5 min to 

24 h 

Geometric Histograms, 

triangular 

index, 

scattergram 

CI distribution Mode, mode 

amplitude, index 

triangular, TINN, 

Scattergram area 

5 min 

Spectral 

(Frequenti 

She) 

Parametric ue 

(Auto 

regression) - 

Non Parametric 

ue (FFT, Welch, 

Lomb) 

Frequency 

component 

analysis 

HF (0.15 0.4 Hz), LF 

(0.04–0.15 Hz), VLF 

(0.003–0.04 Hz), 

ULF ( 

5 min to 

24 h 
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Table 2. Non-Linear Methods Table: 

 

Methods Description Key indicators Recommended 

duration 

Hurst analysis (RS 

Analysis) 

Measure, the 

relationship 

between trend and 

noise (fractality) 

Hurst exponent (H) ≥ 5 min 

Fluctuation analysis 

(DFA) 

Analysis of self-

similarity of 

time 

series 

Fluctuation 

coefficient (α) 

5 min to 24 h 

Deceleration 

capacity 

/ Acceleration 

Anchoring of heart 

rate change points 

heart rate 

Deceleration and 

acceleration 

coefficients 

24 h 

Wavelet transform Localised time- 

frequency analysis, 

adapted to non-

stationary signals 

Wavelet spectral 

power (Daubechies) 

Variable 

 

 

 
 

Table 3. Methods for Heart Rate Variability (HRV) Analysis Key-Studies, Contribution and       

Limitations  

 

 

Authors Methods / 

Techniques 

Contributions Limits 

Akselrod (1981) 

and al[13]  

Spectral analysis 

(LF/HF) 

First use of 

spectral analysis to 

assess autonomic 

activity via VFC 

Based on 

assumptions of 

linearity, 

stationarity and 

Gaussian 

distribution 

Pomeranz and al. 

(1985) [14] 

Advanced spectral 

analysis 

Evaluation of the 

bands LF/HF for 

sympathetic and 

parasympathetic 

regulation 

Lack of sensitivity 

to detect non-linear 

dynamic 

complexity 

Costa et al (2005, 

2008)[15]  

Multiscale Entropy 

(MSE), 

Approximate 

Entropy (ApEn) 

Evaluation of 

VFC signal 

complexity on 

different time scales 

Sensitive to the 

choice of 

parameters; loss of 

information in the 

long-term 

information loss 
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Ivanov et al (1999) 

[16],  

Fractal and 

multifractal 

analysis 

Demonstration of the 

multifractality of 

human VFC signals 

Strong hypothesis 

of free-scale 

dynamics; difficult 

to validate 

clinically 

Kiyono and al 

(2006, 2008) [17] 

Analysis of non-

Gaussianity 

Non-Gaussianity 

indices for cardiac 

risk stratification 

Based on log-

normal assumption; 

sensitive to 

artefacts 

Wendt and al 

(2018) [18] 

Multiscale non-

Gaussian 

representations with 

p-leaders 

Robust and 

flexible 

approach, high 

discriminative 

capacity (CHF: 

survivors vs. 

nonsurvivors) 

Mathematical 

complexity; 

requires broader 

clinical validation 

Gallardo and al 

(2022)[19] 

Geometric analysis 

using the Poincare 

representation 

(SD1, SD2, SD21) 

SD21 used as LF/HF 

analogue. Good 

correlation with 5 

min indices from 

120 s of 

measurement. 

Requires careful 

pre-processing, 

sensitivity to 

artefacts, possible 

overestimation of 

indices. 

Nardelli and al. 

(2018)[20]  

Analysis of SD12 

(inverse of SD21) 

in simulated series 

from 15 to 60 s. 

Very high 

correlation 

(ρ=0.994) 

for series ≥ 35 s with 

1 h series. 

On real data (27 

subjects), accuracy 

decreases 

(ρ=0.961; 

e=14.47%). 

Validity limited to 

certain contexts. 

Pecchia and al. 

(2018) [21] 

Assessment

 critical

 of VFC-UC 

methods 

Review of existing 

methods; 

recommendation of 

a rigorous 

approach to 

Concurrent validation 

approach 

Underlines the 

absence of clear 

standards for VFC-

UC. Approach still 

theoretical. 

Malik and al 

(1996)[22] 

International 

standards for VFC 

analysis (5 min and 

24h) 

Basic reference for 

standardised VFC 

assessment 

Does not cover the 

ultra-short term; 

linear and 

stationary 

stationary methods 

only. 

Hamed Azami and 

al [23] 

SSA filter 

(Singular Spectrum 

Analysis) 

Decomposition of 

EEG/ECG signals 

via SVD; 

Effective separation 

noise/signal 

separation; useful 

for non-stationary 

signals 

Sensitivity to 

parameters 

(window length, 

number of 

components); risk 

of loss of 

information 
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Schmidt (NASA) 

(1960), Kalman 

[24] 

Kalman filter Recursive optimal 

filtering; applicable 

to dynamic linear 

systems; useful for 

prediction/monitoring 

Requires an 

accurate model; 

less effective in the 

case of non-

linearity; signal 

may be attenuated 

Sameni R and al 

[25] 

Extended Kalman 

Filter (EKF) 

Adaptation for non-

linear systems via 

linearisation (Taylor 

expansion) 

Accuracy reduced 

by approximations; 

high algorithmic 

complexity 

Wavelet Transform 

(DWT) 

Wavelet Transform 

(DWT) 

Non-stationary 

analysis; good 

time frequency 

Frequency 

localisation; 

preservation of 

signal shape 

Sensitivity to 

choice of wavelet; 

risk of degradation 

at low SNR 

Fourier (1768-

1830)[26]. 

Fourier transform Global frequency 

analysis; basis for 

analysis of 

deterministic signals 

Not suitable for 

non-stationary 

signals; no local 

temporal 

information 

 

Advanced methods and signal processing:  

3.4. AI and Machine Learning-Based Analysis: 

Principle & Techniques: This emerging approach utilizes machine learning algorithms (e.g., 

Support Vector Machines, Random Forests) and deep learning models (e.g., Convolutional 

Neural Networks, Long Short-Term Memory networks) to automatically identify complex, 

non-linear patterns in HRV data for classification or prediction tasks. 

Advantages: Potential for superior accuracy in detecting specific pathologies by learning 

from high-dimensional data. Ability to integrate HRV with other clinical or sensor data. 

Limitations & Methodological Challenges: Data Imbalance: Models often perform poorly on 

underrepresented classes (e.g., rare cardiac events).  

Overfitting: High risk of models learning noise from the training data instead of generalizable 

patterns, especially with small datasets. Interpretability ("Black Box"): The lack of 

transparency in how deep learning models reach decisions is a major barrier to clinical trust 

and adoption. Techniques like SHAP or LIME are needed. 

 Generalization: Models trained on one dataset with specific acquisition protocols often fail 

on data from different sources.  

Optimal Context: Large-scale data analysis, development of diagnostic support systems, and 

personalized risk prediction where large, well-annotated datasets are available. 

 
 

Table 4. Historical Evolution and Key and Milestones in Heart Rate Variability (HRV) Research-

Contributions and Limitations 
 

Author/References Years Contributions Limits 

Ebers Papyrus[27]  1550 BC First mention of 

heartbeats 

No link established 

with the autonomic 

nervous system 
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Aristotle, 

Hippocrates[28]  

Ancient Greece Interest in the heart 

and circulation 

Philosophical and 

descriptive approach 

Wang Shu-He [29] 265-317 Link between 

pulses and 

pathologies 

Empirical 

interpretation 

Floyer[30]  1707 Invented a watch to 

measure pulse 

Limited to manual 

observation 

Hon, Lee, Wolf 1963-1975 VFC in 

gynaecology, foetal 

stress, sudden death 

Limited to certain 

populations 

Sayers, Kahneman, 

Porges 

1970s Use of VFC in 

psychology 

Methods analytical 

still rudimentary 

Akselrod and al[13] 1981 HF reflects the 

parasympathetic 

Requires precise 

spectral 

measurements 

Malliani and 

Pagani[31]  

1994-1995 LF associated with 

sympathetic 

Controversy over 

the exact meaning 

of the bands 

Akselrod, 

Pomeranz, Koh[32], 

[14] 

2000s Refine 

interpretation of 

bands LF/HF 

Need for clinical 

validation 

Kurths et al [11] 1995 Non-linear methods 

for VFC 

Complexity of 

methods 

Carnethon and al[2] 2002 Link between VFC 

and neurovegetative 

imbalances 

Study on healthy 

population only 

Menezes and al[33] 2004 VFC reduced in 

hypertensive 

patients 

No longitudinal 

analysis 

Terathongkum and 

al [34] 

2004 VFC predicts 

hypertension 

Correlation but no 

causality established 

Bittencourt and al 

[35] 

2005 Parasympathetic 

increase with 

controlled breathing 

Controlled 

experimental 

conditions 

Pecyna [36] 2006 Decreased VFC 

post-infarction 

Lack of mechanistic 

data 

Carney and al [37] 2007 Link between 

inflammation and 

FVC 

 

Correlational study 

Karas and al [12] 2008 Decreased LF in 

elderly hypertensive 

subjects 

Specific to elderly 

subjects 

Larosa and al[38]  2008 Decreased VFC in 

myocardial 

infarction 

Context specific to 

myocardial 

ischaemia 

Task Force of the 

ESC & NASPE[3] 

1996 Establishes 

standards for HRV 

analysis 

Does not explicitly 

address 

uncertainties. 
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Peltola and al 2012 Shows the mismatch 

between short-term 

and long term 

No solution for 

uncertainty related 

to segmentation. 

Berntson and al [1] 1997 Recommends 

frequency ranges 

for spectral analysis 

Not focused on 

modern technical 

uncertainties. 

Clifford and al [39] 2006 Details ECG 

artefacts and 

suggests treatments 

No formal 

modelling of 

uncertainties. 

Mateo and 

Laguna[40] 

2003 Effect of sampling 

frequency on HRV 

Analysis limited to a 

few indices. 

Clifford and al[13] 2006 Combines several 

QRS detectors for 

greater 

robustness 

Requires a lot of 

computational 

resources 

Schafer & Vagedes 2013 Investigate the 

effect of sampling 

on PRV 

Does not generalise 

to all HRV. 

Sassi and al[41]  2015 Minimum 

recommended 

durations for ultra-

short HRV 

Ultra-short remains 

unreliable for some 

indices. 

Aboy and al [42] 2005 Compares 

interpolation 

methods for 

missing data 

Simulated study, 

not under real 

conditions. 

Schäfer and al[43]  1998 Spectro-temporal 

analysis for HRV 

Less used clinically. 

Al-Nashash and al 

[44] 

2000 Kalman filtering for 

noisy HRV 

Complex model to 

calibrate. 

Lu and al[45]  2012 Impact of QRS 

errors on HRV 

(Monte Carlo) 

Does not cover all 

uncertainties (e.g. 

physiological). 

Zhang and al[46]  2021 HRV estimated by 

deep learning 

Clinical validation 

still required. 

 

This table illustrates the evolution of knowledge and investigation techniques of VFC 

over the centuries. 

 

Table 5: Comparative Analysis of HRV Methods: 

 

Method Accuracy/Robustness Computational 

complexity 

Optimal 

Application 

Context 

Key 

Limitations 

Time-Domain Moderate, sensitive 

to artifacts 

Low Long-term 

monitoring, 

fitness 

tracking, initial 

screening 

Cannot dissect 

SNS/PNS 

activity; less 

detailed. 
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Frequential-

Domain 

(FFT/AR) 

High for stationary 

signals 

Low to 

Moderate 

| Assessment 

of 

sympathovagal 

balance 

(rest/tilt) 

Assumes 

stationarity; 

controversial 

LF 

interpretation 

Frequential-

Domain 

(Wavelets) 

High for non-

stationary signals 

High Analysis of 

transient 

events (sleep, 

stress) 

Complex 

parameter 

selection 

(mother 

wavelet) 

Non-Linear High sensitivity, but 

parameter-dependent 

Moderate to 

High 

Early disease 

detection, 

complexity 

assessment 

Complex 

interpretation; 

lacks clinical 

standardization 

AI/ML Potentially very high, 

but context-

dependent 

Very High Pattern 

recognition, 

diagnostic 

support, 

prediction 

"Black-box" 

nature; 

requires large, 

annotated 

datasets; risk 

of overfitting. 

 

4. Discussion: Synthesis, Challenges, and Future Directions: 

Our comprehensive comparative analysis reveals a fundamental principle: there is no single 

"best" method for HRV analysis. The optimal choice represents a strategic trade-off based 

on the specific clinical question, signal quality constraints, available computational 

resources, and required interpretability. Time-domain methods offer straightforward 

accessibility for basic screening, frequency-domain analysis provides valuable physiological 

insights under controlled conditions, non-linear methods capture hidden complexity 

indicative of early pathology, while AI approaches promise powerful pattern recognition 

capabilities at the potential cost of transparency. 

 

4.1. Overcoming Current Methodological Challenges: 

Several critical challenges must be systematically addressed to facilitate the transition of 

HRV from research to widespread clinical practice: 

Standardization: There is an urgent need for universally accepted protocols governing data 

acquisition, preprocessing pipelines, and parameter settings, particularly for non-linear and 

AI methodologies. This standardization is a fundamental prerequisite for meaningful multi-

center studies and robust clinical translation. 

Heart Rate Correction: The confounding effect of basal heart rate on HRV indices must be 

systematically addressed in analytical workflows. Correction techniques, such as those 

proposed by Billman [13], should become a standard procedural step to ensure accurate 

physiological interpretation. 

AI-Specific Hurdles: Future development must prioritize explainable AI (XAI) models that 

provide transparent decision-making pathways. Concurrently, the creation of large, public, 

and meticulously curated HRV databases is essential, alongside the implementation of 

advanced techniques to rigorously address data imbalance and overfitting. 
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Fig.5: Comprehensive overview of HRV analysis methods and their clinical applications 

 

The diagram illustrates the complete workflow from signal acquisition to clinical 

implementation, highlighting the four main analytical domains along with their respective 

strengths and optimal usage contexts. As summarized in this figure, the choice of HRV 

analysis methodology should be guided by the specific clinical question, available resources, 

and technical constraints, with each domain offering complementary insights into autonomic 

function. 

 

4.2. Future Directions: 

The evolving landscape of HRV analysis points toward several promising research 

directions: 

Hybrid Models: Combining features from linear, non-linear, and frequency domains as input 

to machine learning classifiers represents a promising avenue for developing more robust and 

interpretable diagnostic tools. 

Integration with Telemedicine: The development of low-power, computationally efficient 

algorithms for real-time HRV analysis on wearable devices (utilizing PPG, SCG, and GCG 

sensors) will be crucial for enabling continuous, remote monitoring in ambulatory settings. 

Personalized Medicine: HRV trends, when combined with other digital biomarkers, can be 

integrated into dynamic personalized health dashboards. This approach enables dynamic risk 

assessment and preemptive intervention strategies in chronic disease management, moving 

toward truly personalized healthcare. 

The successful addressing of these challenges and the pursuit of these future directions will 

determine the clinical impact of HRV analysis in the coming decade, potentially establishing 

it as a cornerstone of modern, data-driven cardiovascular care. 
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5. Conclusion: 

Heart rate variability analysis stands at a pivotal juncture, having matured from a research 

tool into a potent, non-invasive biomarker with wide-ranging applications from cardiology 

to psychiatry. This review has provided a critical framework for understanding the landscape 

of HRV methodologies, highlighting that its future clinical utility hinges not on the discovery 

of new indices, but on the critical selection, rigorous validation, and intelligent integration of 

existing ones. The analysis demonstrates that HRV represents a mature non-invasive 

biomarker whose clinical utility extends well beyond cardiology. Future impact depends on 

critical selection and rigorous validation of existing methods rather than development of new 

indices. Large-scale deployment requires overcoming standardization challenges, basal heart 

rate correction, and developing transparent, robust AI systems. By tackling these challenges 

of standardization, methodological rigor, and transparent AI, HRV can fully transition into a 

cornerstone of modern, data-driven, and personalized healthcare, particularly through 

integration with telemedicine platforms and personalized medicine approaches. 
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