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ABSTRACT

Background. Non-invasive studies allow for effective assessment of cardiovascular health, stress levels, and overall
physiological resilience. Heart rate variability, defined as fluctuations in the time intervals between successive heartbeats,
allows for the study of autonomic nervous system activity. It reflects the dynamic balance between the sympathetic
and parasympathetic branches of the autonomic nervous system, providing information that is a valuable biomarker
in various fields, including cardiology, sports science, psychology, and occupational health.

Aim. To analyze the effective use of heart rate variability and summarize the obtained information to better inform
physicians.

Materials and methods. A literature review was conducted using well-known databases such as the Russian Sci-
ence Citation Index and PubMed covering a 10-year period.

Results. Heart rate variability is the variation in the time intervals between successive heartbeats and is a noninvasive
indicator of autonomic nervous system activity. It reflects the dynamic balance between the sympathetic and parasym-
pathetic branches of the autonomic nervous system, providing information about cardiovascular health, stress levels,
and overall physiological resilience. Heart rate variability has become a valuable biomarker in various fields, including
cardiology, sports science, psychology, and occupational health. High heart rate variability is generally associated with
good health and adaptability, while low heart rate variability may indicate stress, fatigue, or pathological conditions.
Conclusion. Advances in wearable technologies and data analysis have facilitated real-time heart rate variability
monitoring, opening up broader possibilities for clinical and personal healthcare applications. This article reviews
the physiological basis of heart rate variability, common measurement methods, clinical significance, and current trends
in heart rate variability research and application.
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M3MEPEHUE BAPUABEJIbHOCTU CEPAEYHOIO PUTMA:
WHOOPMALINA ANsi BPAYEU U UCCNIEQOBATEJIEN

FynTta K., CanHn P., Cannu P., LLlapma A.

MegnumHckun konnepx Casant Man CuHrx, 302004, Oxxasaxap Jlan Hepy Mapr, Dxannyp, PapxactxaH, iHaus

AHHOTALNA

AKTyanbHOCTb. HeuHBa3uBHbIE MCCNeaoBaHUSA NO3BONAT 3MPEKTUBHO OLIEHMBATL COCTOSIHUE CEepaeYHO-COCY-
OMCTOWN CUCTEMBI, YPOBEHb CTPecca 1 0BLLYIHO (U3NOAOIMHECKYO YCTONYMBOCTL OpraHmuama. BaprnabensHoCTs cep-
OE4YHOro puTMa, onpeaensiemMas no KonedaHsaM BPEMEHHbIX MHTEPBANOB MeEX Ay NOcneaoBaTebHbIMN CepaeyHbIMM
COKpAaLLEHMSIMI, MO3BONSIET UCCNEO0BAaTb aKTVBHOCTb BEMETATUBHOM HEPBHOWM CUCTEMBI. OHA OTPaXKAET AMHAMUHECKOE
pPaBHOBECUE MEXOY CUMMATUHECKOM 1 MapacMnaTN4ECKOM BETBAMM BErETaTUBHOW HEPBHOW CUCTEMbI, MPEOOCTABNASA
MHopMaLMIO, KOTOpas ABNSETCA LIEHHBIM BUOMAaPKEPOM B PasfinyHbIX 061acTsaX, BKIKOHAA Kapanonornto, CropTmB-
HYIO HayKy, MCUXOSIOTUKO N MUFeHy Tpyaa.

Uenb. NMpoBecTn aHanM3 apOeEKTNBHOMO NPUMEHEHMS BapnabenbHOCTV CepaeqHOro pUtMa i 0606LLUTL NONYHEHHYIO
WMHOOPMAaLMIO ANs yHLLEero MHPOPMUPOBAHKS BpaYen.

Martepuanbl n metogpl. [1poBeaéH 0630P MCTOYHUKOB NUTEPaTYPbl C UCMOb30BAHMEM N3BECTHbLIX ©a3 OaHHbIX,
TakuX Kak Poccuncknin nHaeke Hay4Horo umtmuposannsg, PubMed, 3a nocnegrue 10 neT.

Pesynbratbl. BaprabenbHoCTb CepaeqHoro putma — konebaHne BpeMEHHbIX MHTEPBAaNOB Mexay NocneaoBartesb-
HbIMW CepaEYHbIMI COKPALLEHNAMM, MPEACTaBNSAOLLES COBOMN HEVHBA3VIBHbI MOKa3aTenb akTUBHOCTY BErETATVBHOWM
HepBHOW cncTeMbl. OHa OTpaKaeT AMHAMUHECKOE PaBHOBECKE MEXKY CUMMATUHECKOM 1 MapacUMNaTUYECKON BET-
BAMU BEMETATUBHOW HEPBHOM CUCTEMbI, MPEOOCTaBAAA MHDOPMALIKO O COCTOSIHUM CEPAEYHO-COCYANCTON CUCTEMB,
YPOBHE CTpecca 1 06LLEN (PUBMONOrMHECKON YCTOMHMBOCTU. BaprabenbHOCTb CEPAEHHOro pUTMa ctana LEHHbIM
BMOMapPKePOM B PasnnyHbIX 0BNacTsax, BKAKOHAS KapaMonorio, ClOPTUBHYHO HayKy, MCUXONOIrMIO 1 TUrMeHy Tpyaa.
Bbicokas BaprabenbHOCTb CepaeYHOro pUutMa 0bbIMHO acCOLIMMPYETCS C XOPOLLVM 300P0OBBEM U adanTUBHOCTbLIO,
B TO BPEMSI Kak MOHMKEHHAA BaprabenbHOCTb CEPAEHHOIO PUTMa MOXKET yKadblBaTb Ha CTPECC, YCTaNOCTb UM NaTo-
NOrNYECKne COCTOSIHUS.

3akntoyeHne. [JocTmkeHnst B 00nacTn HOCKMMbIX TEXHOMOMMIN 1 aHann3a OaHHbIX CroCOBCTBOBANIM MOHUTOPUHIY
BapmabenbHOCTY CEPOEHHOMO PUTMA B PEXXMME PearibHOro BPEMEHU, HYTO OTKPLIBAET 60J1E€ LLUMPOKME BOZMOXHOCTU
01151 KNIMHUHECKOTO W IMYHOIO MPUMEHEHNS B 00NacTy 30paBooxpaHeHs. B gaHHOM CTaTbe paccMaTpuBaroTest pusmo-
JNIOMMYECKNE OCHOBbI BapmabenbHOCTX CEPAEYHOrO pUTMa, PacnpOCTPaHEHHbIE METOAb!I N3MEPEHUS, KIMHUNYECKas
3HAYMMOCTb 1 COBPEMEHHbIE TEHAEHLMM B UCCNEAOBAHMSX U MPUMEHEHWI BapabenbHOCT CEPAEYHOrO pUTMa.

KnroueBble cnoBa: 4acTtora CepaeyHbIX COKDALLEH, /1eKTPOKapAMOrpamma, KOMIbIOTEPHLIV aHa 3, aBTOHOMHAS
HepBHasA crcTemMa, OLieHKa prcKa

Ansa untupoBanua: ynta K., Caunn P, CanHn P, LLapma A. VIsmepeHue BaprabenbHOCTN Cepae4Horo put-
Ma: uHdopmauna Ons spadent u nccneposatenen. bavikaabCckuii MeguunmHCKui xypHan. 2026; 5(1): 11-19.
doi: 10.57256/2949-0715-2026-5-1-11-19
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INTRODUCTION

Over the past two decades, the correlation be-
tween the autonomic nervous system and cardiovascu-
lar mortality — particularly the incidence of sudden car-
diac death — has become increasingly evident. A multi-
tude of experimental investigations reveal that aberrant
patterns in autonomic activity — whether characterized
by excessive sympathetic stimulation or a diminished va-
gal influence — can significantly elevate the risk of fatal
arrhythmias. This understanding has catalysed the ad-
vancement of objective methodologies to quantify au-
tonomic function.

Among these, heart rate variability (HRV)
has emerged as one of the most promising indicators.
Due to the ease with which HRV can be derived — often
automatically by commercial electrocardiogram (ECG)
devices —it has gained popularity in both clinical and re-
search settings. However, interpreting HRV data cor-
rectly is more complicated than it may appear. Misun-
derstandings or over-interpretation of the various HRV
metrics are common [1-3].

AIM

To analyze the effective use of heart rate variabili-
ty and summarize the obtained information to better in-
form physicians.

MATERIALS AND METHODS

A literature review was conducted using well-known
databases such as the Russian Science Citation Index
and PubMed covering a 10-year period.

RESULTS

Defining heart rate variability (HRV)

It focuses on the fluctuations in the time intervals
between consecutive heartbeats, known as RR intervals,
as well as changes in moment-to-moment heart rate.
Although other terms — like “cycle length variability”
or “heart period variability” — have appeared in litera-
ture, “Heart Rate Variability” (HRV) is the most wide-
ly adopted [4].

Later in the 1970s, researchers found that our heart
rate contains built-in rhythms that reflect how the body’s
nervous system is working. Around that time, simple
bedside tests were created to check short-term heart
rate changes in people with diabetes, which helped de-
tect damage to their nerves [5].

In 1977, scientists discovered that patients who
had a heart attack and showed lower HRV were more
likely to die afterward. This made HRV a powerful tool
for predicting heart problems. Then in 1981, a method
called power spectral analysis was introduced. It breaks
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down heart rate signals into different frequency rang-
es and gives a better understanding of how the nervous
system controls the heart from beat to beat. By the late
1980s, it became clear that HRV could predict who
might be at higher risk of death after a heart attack.
Thanks to new digital devices that can record heart
activity for 24 hours, HRV became even more useful
for doctors and researchers to study heart health in eve-
ryday life [6].

Measuring HRV: time domain methods

One of the easiest ways to measure HRV is by look-
ing at how the heart rate changes over time — this
is called time domain analysis. In a continuous heart
recording (like an ECG), each heartbeat creates a spike
(called the QRS complex). We measure the time be-
tween these spikes — specifically the time between two
normal heartbeats, called the NN interval (short for
“normal-to-normal”).

From this, we can calculate simple things, like:
the average time between heartbeats (mean NN); the av-
erage heart rate; the difference between the longest
and shortest NN intervals; the difference between heart
rate at night and during the day (Table 1).

Some tests involve changing body position or breath-
ing patterns (like the Valsalva maneuver, deep breath-
ing, or tilting the body) to see how the heart responds
in different conditions [7].

Statistical methods
If we record heartbeats over a longer time (usually
24 hours), we can do more detailed statistical analysis.
Based on the actual time between beats (NN intervals),
based on the differences between each beat and the next
beat (Fig. 1, Table 1).

Geometric methods

Another way to analyze HRV is by looking
at the shape and patterns made by the heartbeat in-
tervals. These are called geometric methods. In these
methods, the time between each heartbeat (the NN in-
tervals) is turned into a visual shape, like a histogram
(a bar graph of interval lengths) (Fig. 2), Lorenz plot
(atype of scatter plot showing how each beat compares
to the next), triangle (used to estimate overall variabil-
ity) [8].

Common geometric HRV measures

HRYV Triangular Index counts the total number
of NN intervals and divides it by the height of the most
common interval (the tallest part of the histogram). It is
simple and works well with long-term recordings.

Pros and cons of geometric methods
These methods are less sensitive to noise
and small errors in data. They are easy to use
with large datasets or low-quality recordings. Al-
though, they do not work well with short record-
ings; one would need enough data points (heartbeats)

to form clear pattern.
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Time-Domain HRV: RR Intervals over Time
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Fig. 1. Time-domain analysis of heart rate variability, show-
ing RR intervals across consecutive heartbeats

Puc. 1. AHanns BapunabesibHOCTY CEpPAEYHOIrO pUTMa BO Bpe-
MEHHO 061acTy, NoKasbiBaroLYmi RR-MHTepBasibl Mexay rno-
c/1ieqoBaTesibHbIMU CePAEYHbLIMU COKPAaLLEHUSIMU

TABLE 1 TABNNLUA 1
TIME DOMAIN MEASURES MOKASATEJIN BPEMEHHOW OBJIACTU
SDNN Shows overall heart rate variability, works best with long (24-hour) recordings

HRV Triangular Index Measures overall HRV

TINN (Triangular Interpolation
of NN Interval Histogram)

SDANN
RMSSD
NN50
pNN50

Measures the base width of a triangle fitted over the histogram of intervals

Focuses on long-term changes (like over several minutes or hours)
Focuses on short-term changes (like beat-to-beat differences)
Counts how many times the time between beats changes by more than 50 milliseconds

The percentage of these larger changes compared to the total number of beats

Histogram of RR Intervals
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Fig. 2. Histogram, showing the distribution of RR intervals
obtained from time-domain HRV analysis
Puc. 2. [vcTorpamma, nokassiBaroLyasi pacrnpegencHne RR-
UHTEPBAaJIOB, MOJy4YEHHbIX B PE3yIbTaTe aHam3a Bapnabesib-
HOCTU CepgeyYHoro putma Bo BpeMEHHOM ob1actu
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Measuring HRV: frequency domain methods

Besides measuring HRV over time, another popular
way is to break it down by frequency — in other words,
how fast or slow certain patterns in heart rate happen
[9]. This is called frequency domain analysis. Frequen-
cy analysis looks at how much “power” (or energy)
is in each range of heart rate changes (Fig. 3):

* high-frequency (HF): fast changes (like those
caused by breathing);

* low-frequency (LF): medium-speed changes (of-
ten affected by both sympathetic and parasympathetic
nervous systems);

* very-low-frequency (VLF): slower changes
(meaning is still not fully understood);

e ultra-low-frequency (ULF): very slow changes
(found only in long-term, 24-hour recordings).

There are two main types of methods:

1. Nonparametric (e.g., FFT — Fast Fourier Trans-
form) — simple and fast, commonly used in many devices.

2. Parametric (e.g., AR models — Auto-Regressive
models) —more complex, gives smoother results and works
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Frequency Domain HRV: Power Spectral Density
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Fig. 3. Frequency-domain analysis of HRV showing
the power spectral density distribution

well even with short recordings, requires choosing the right
model and checking how accurate it is [10].

Normalized units

Sometimes, LF and HF are shown as percentages
of total power (ignoring VLF). This helps show the bal-
ance between sympathetic and parasympathetic systems
more clearly.

There are a few different ways to prepare the heart-
beat data for frequency analysis:

1. RR interval tachogram: plots the time between
each heartbeat over time; good for both parametric
and nonparametric spectral analysis.

2. Interpolated series: converts irregular heartbeats
into regularly spaced data points; needed for some spec-
tral methods, especially the FFT (Fast Fourier Trans-
form).

3. Counts per Time Unit: measures how many beats
happen in each second, minute, etc.

Standards for software algorithms

For nonparametric methods (like FFT), the software
should report: the number of points used; the interpo-
lation formula; the frequency range sampled; the win-
dowing method used (e.g., Hann, Hamming).

For parametric methods (like AR models), the soft-
ware should include: the model types; the order
of the model (usually between 8-20); tests showing
the model is reliable (e.g., prediction error whiteness
test (PEWT) and optimal order test (OOT)).

Without this information, it is hard to know
if the HRV analysis is accurate or meaningful.
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Puc. 3. AHanns BapnabesibHOCTU CepAevYHOro puTMa B Ya-
CTOTHOW 0671aCTy, MOKa3biBaKoLYmii pacrpeseneHne crek-
TPpasibHOW M/I0THOCTY MOLLHOCTY

HOW TIME AND FREQUENCY HRV
MEASURES ARE CONNECTED [11]

Short-term recordings
When one measures HRV over a short period (like
5 minutes), frequency domain methods (LF, HF, etc.)
often give more detailed insight than time domain meth-
ods. That is because they break the signal into parts tied
directly to nervous system activity (Table 2).

Long-term recordings (24 hours)

When one measures over 24 hours, both time domain
(like Standard Deviation of Normal-to-Normal intervals
(SDNN)) and frequency domain (like LF, HF, VLF, ULF)
often tell very similar stories. They are strongly corre-
lated — meaning they tend to rise and fall together — be-
cause of how the body behaves over a whole day. That is
why simple time domain methods like SDNN are usually
enough for long-term HRV analysis. Spectral (frequency)
analysis of a full 24-hour period does not provide much
more useful info unless you are looking at specific changes,
like log-log slope (a special analysis of very slow rhythms).

Peak-valley methods
They find the highest and lowest points in heart
rate changes and are useful to detect short bursts of fast
or slow heart rate.

Block-based analysis

It groups heartbeats into “chunks” with similar
rhythms, analyzes how blocks relate, ignoring smaller

internal variations.
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TABLE 2
FREQUENCY DOMAIN MEASURES [13]

TABNNLUA 2
W3MEPEHNSA B YACTOTHOM OBJIACTH [13]

HF (High Frequency)
LF (Low Frequency)

VLF (Very Low Frequency) Unclear

Linked to breathing and vagal (parasympathetic) activity

May reflect both sympathetic and parasympathetic input, sometimes used to measure sympathetic
activity, especially when expressed in “normalized units”

Complex demodulation
It is a more advanced method that tracks how ampli-
tude and phase (timing) of frequency components change
over time [12]. It helps detect short-term heart changes.
These methods can be especially helpful when stud-
ying how heart rate responds to breathing, blood pres-
sure, or sudden events like stress or arrhythmia.

Nonlinear HRV methods
The heart’s rhythm is not purely mechanical —
it involves complex biological systems. So, research-
ers have tried to use nonlinear math (from chaos the-
ory and complex systems science) to dig deeper into
HRV (Fig. 4).

Techniques include:

* Poincaré plots (show how each beat compares
to the last one) (Fig. 5);

* Fractal analysis (like 1/f scaling);

* Lyapunov exponents and entropy (measure un-
predictability);

 Scaling indexes (track how patterns repeat over
time).

Understanding the physiology behind frequency
domain measures of HRV
HRYV is influenced by how the autonomic nervous
system controls your heart. This system has two main
parts: sympathetic system — speeds up the heart (“fight
or flight”); parasympathetic system (vagal nerve) —slows
down the heart (“rest and digest”).

Parasympathetic (vagal) activity

» works by releasing acetylcholine, which slows
down the heart;

* this effect happens quickly and fades fast, which
allows beat-to-beat control;

 mainly responsible for high-frequency (HF) HRV.

Sympathetic activity

* releases adrenaline (epinephrine) and noradrena-
line (norepinephrine);

* speeds up the heart and affects it over longer time
scales;

* related to low-frequency (LF) HRV, although not
only sympathetic in origin.

Atrest, the vagal system dominates, which is why healthy
HRYV is often a sign of strong parasympathetic (vagal) tone.
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Poincaré Plot of HRV
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Fig. 5. Poincare plot of HRV

Puc. 5. [Quarpamma lNyaHkape BapnabesnbHOCTU cepaeyHo-

ro putma

HRV FREQUENCY BANDS [14]

High frequency (HF)
* controlled almost entirely by the vagal nerve;
» strongly linked to breathing rhythm;
* goes up when relaxed or doing slow, deep breathing.

Low frequency (LF)

* more complex;

* some scientists say it shows both sympathetic
and parasympathetic effects;

» others believe it is mostly sympathetic, especial-
ly when measured in normalized units.

LF is often misunderstood. During stress, total HRV
can drop, making it look like LF stays the same — even
though sympathetic activity is rising.

Very low frequency (VLF) and ultra-low
frequency (ULF)
» make up most of the total power in 24-hour HRV;
» still not well understood;
* might relate to hormones, temperature, or very
slow body rhythms.

CHANGES IN HRV DURING THE DAY

» HF is higher at night (more vagal activity);

* LF is higher during the day (more sympathetic
influence);

* these patterns disappear in people with poor auto-
nomic function (like after a heart attack).

Increases in LF (normalized units):

* standing up (tilt test);
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e mental stress;

* moderate exercise;

* low blood pressure;

* blockage of blood flow (e.g., coronary artery).

Increases in HF:

* deep breathing;

* cold stimulation on the face;

* rotational motion.

HRYV tells us about fluctuations in nervous system
activity — not the total amount. A heart can have low
HRYV both if it is overly stressed or if it has no activi-
ty at all.

MAIN CLINICAL USES OF HRV [15]

HRYV has been studied in many health conditions,
but right now, there are two key areas where it is wide-
ly accepted and used in clinical practice:

1. Predicting risk after a heart attack
(myocardial infarction).

After a heart attack, some people are at higher risk
of death — especially from dangerous arrthythmias. HRV
helps identify who is most at risk.

* SDNN < 50 ms or HRV Triangular Index < 15 =
very high risk;

* SDNN <100 ms or HRV Triangular Index <20 =
moderate risk.

When to measure:

* best time is around 1 week after the heart attack,
usually before hospital discharge;

* HRV measured early (within a few days), late
(months later), or both, can all give valuable information.

24-hour vs. short-term HRV:

* 24-hour recordings are more reliable for predict-
ing risk.

* short-term tests are helpful for initial screening,
especially if resources are limited.

2. Early detection of diabetic neuropathy

In diabetes, damage to the nerves that control
the heart can happen before symptoms appear. This is
called diabetic autonomic neuropathy (DAN).

HRYV can detect nerve damage early, even before
the person feels any symptoms. It helps prevent serious
complications like sudden death, blood pressure drops,
digestive issues, bladder problems.

OTHER CLINICAL AND RESEARCH
POSSIBILITIES FOR HRV

1. Building normal HRV standards according differ-
ent ages, men and women, different lifestyles and health
conditions. Recent studies (like from the Framingham
Heart Study) show that HRV can predict death even
in healthy older adults. But more population studies
are needed to build reliable normal ranges [16, 17].
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2. Sleep and circadian rhythms

HRYV changes depending on day vs. night cycles, dif-
ferent stages of sleep, especially REM and deep sleep,
shift work and jet lag. In healthy people, vagal activi-
ty (HF) increases during deep (non-REM) sleep. But
in people with heart disease, this nighttime increase
may be missing [18, 19].

3. Exercise and recovery

HRYV may help track physical conditioning during
training, recovery after illness or heart attack, decondi-
tioning due to bed rest or space travel [20, 21].

4. Medication effects

HRYV can help doctors understand how drugs affect
the nervous system. For example, high-dose atropine de-
creases HRV (blocks vagal activity), low-dose scopola-
mine increases HRV (boosts vagal tone), beta-blockers
usually increase HRV and reduce sympathetic activity.
Many other drugs (like calcium channel blockers, seda-
tives, and chemotherapy) have not been studied enough
for their effect on HRV [22, 23].

5. Sudden death risk in other conditions

HRYV might help predict death risk in people with
heart failure, heart valve problems, genetic arrhythmia
disorders (like long QT syndrome), neurological con-
ditions (like Parkinson’s, multiple sclerosis, or spinal
cord injury) [24, 25].

6. Fetal and infant monitoring now allow detailed
fetal HRV analysis — helping doctors understand how
the baby’s autonomic system is developing.

FUTURE DIRECTIONS AND RESEARCH
GOALS FOR HRV [26]

Although HRV has already proven useful, there is still
alotto learn and improve. Here are the top goals for future
research: improve HRV recording and analysis tools; make
devices more accurate, affordable, and easy to use; build
better editing software to clean ECG signals and remove
errors like ectopic beats; improve algorithms for automated
HRYV analysis in real time; collect more population data;
study large groups of healthy people to define what “nor-
mal” HRV looks like at different ages, genders, activity
levels; expand use in disease prediction and management,
standardize clinical use; explore new HRV methods etc.

CONCLUSION

HRYV is a powerful, non-invasive tool that reflects
how well the nervous system is controlling the heart.
It has clear value in risk assessment after heart attacks,
early detection of diabetic nerve damage, potential future
roles in many other diseases and conditions. To use HRV
effectively, we need to standardize how it is measured
and analysed, train clinicians and researchers on how
to interpret it, keep improving the tools and science be-
hind it. With further research and better technology,
HRYV could become a routine part of medical care.
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KoHhnukT nHtepecos

ABTOPbI EKNapUPYIOT OTCYTCTBUE SIBHbIX 1 MNOTEHLMANIbHBIX KOH-
hNIMKTOB MHTEPECOB, CBS3aHHbIX C NybnMKaLein HacTosILLEel cTaTbu.

UcTouHnk chuHaHcupoBaHus

ABTOpr LOEeKNapunpyroT OTCYTCTBME BHELLHEro CbI/IHaHCI/IpOBaHI/IH
ONna npoBefeHns nccnenosaHna n I'Iy6J'II/1KaLWIVI cTaTbu.
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