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Abstract

Cardiac autonomic modulation (CAM), which is regulated by the balance
between the sympathetic and parasympathetic nervous systems, is involved in
various physiological and pathological conditions. Heart rate variability (HRV)
analysis has been used to explore the complex relationship between the brain
and heart, as described by Porges’ polyvagal theory and Thayer’s neurovisceral
integration model. Recently, an automated calculation of new parasympathetic,
sympathetic, and Baevsky stress indexes based on HRV parameters has been
introduced for faster and more comprehensive CAM assessment, though their
normal ranges remain undefined. This study aimed to determine the average
values of these indexes in a healthy population of different ages during rest,
daily activities, non-rapid eye movement sleep, graded physical effort, and acute
psychophysiological stress. At rest, the parasympathetic and sympathetic indexes
were consistently within the proposed normal range and inversely related.
However, Baevsky stress index values from Kubios were higher than expected,
conflicting with the assumption that they are simply the square root of those
calculated using the original formula. Despite this, time-varying assessment of all
indexes can provide valuable insights into CAM adaptation during physical effort
and acute psychophysiological stress in real-world critical situations. Notably,
our novel finding shows that the inverse correlation between parasympathetic
and sympathetic/stress indexes under stress is better explained by non-linear
functions, offering a potential new measure of brain-heart interaction during
real-life critical events.

Keywords: Heart rate variability; Autonomic nervous system; Sympathetic nervous
system; Parasympathetic nervous system; Baevsky stress index; Psychophysiological
stress
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1. Introduction

Cardiac autonomic modulation (CAM), regulated
by the balance between the sympathetic (SNS) and
parasympathetic nervous systems (PNS), is vital in both
health and disease, making its evaluation crucial.*? The
study of heart rate variability (HRV), which reflects
autonomic nervous system (ANS) function, began in the
1960s, initially for monitoring astronauts in space.’ Since
the 1980s, HRV analysis has been widely used as a non-
invasive method to evaluate CAM in clinical settings, with
autonomic imbalance recognized as a strong predictor of
all-cause cardiac mortality.*

Early HRV assessments followed a “reductionist”
approach,’ relying on linear methods such as time-domain
(TD) and frequency-domain (FD) analysis.**” Many studies
were based on the premise that increased sympathetic
activity corresponds with decreased parasympathetic
activity, with the spectral low frequency/high frequency
(LE/HF) ratio suggested as a marker for stress responses,
though this remains debated.”*

HRV tends to decline with age due to structural and
functional changes,’’? and significant reductions in HRV
are associated with lower life expectancy and various
diseases.>* ' It is important to note that the LF component
is not exclusively a marker of sympathetic activity, as both
SNS and PNS influence LE® In addition, the very-low-
frequency (VLF) band may reflect broader systemic stress,
not just cardiac stress.'”?!

A more systematic perspective suggests that HRV is
not only a marker of ANS dysfunction but also a means
for understanding interactions between bodily systems,
especially between the brain and cardiovascular system.’
In health, “organized variability” is present, whereas
disease leads to a “decomplexification” of this variability,
resulting in more periodic and cyclic behaviors, as seen in
conditions such as Cheyne-Stokes breathing, Parkinson’s
disease tremors, or cyclic neutrophil oscillations in chronic
myelogenous leukemia.?

The vagal system plays a key role in brain-heart
interaction, particularly in stress regulation, as explained by
Porges’ “polyvagal theory”*? and Thayer’s “neurovisceral
integration model,” which links HRV to emotional and
stress responses.”

To better study these complex interactions, non-linear
(NL) mathematical methods have been introduced. For
instance, NL entropy is associated with vagal activity,
whereas recurrence plot analysis reflects sympathetic
activation.”” In stress-related studies, such as those
examination-induced stress, combining linear and NL
methods has improved stress detection.”> Mathematical

models for the time-varying analysis of both linear and NL
HRV parameters have enhanced the ability to assess CAM
responses to clinical or real-world stressors, even in real
time. >

Recently, the software has been developed to
automatically compute time-varying parasympathetic
(PNSi), sympathetic (SNSi), and Baevsky stress (BSTRi)
indexes, enabling faster assessments of CAM, particularly
in acute stress situations.*” Although HRV parameters are
well-established, the normal ranges for these new indexes,
especially BSTRi, remain unclear, particularly in stressful
conditions.* ¢

This pilot study aims to determine the average values
of PNSi, SNSi, and BSTRIi in a healthy population during
various activities (rest, daily activities, non-rapid eye
movement (NREM) sleep, graded physical effort, and
acute psychophysiological stress) to create a preliminary
reference for CAM assessment in real-world high-stress or
pathological conditions, such as dysautonomic syndromes.

2. Methods
2.1. Study population, ethics, and inclusion criteria

We retrospectively analyzed 24-h Holter electrocardiogram
(ECG) recordings from 104 healthy individuals,
categorized into three age groups: Agel (16-34 years),
Age2 (35-52 vyears), and Age3 (53-84 vyears), all
consecutively evaluated in our clinic for fitness or clinical
evaluations. Among these participants, 16 were police
officers monitored during fitness assessments and highly
stressful, realistic tactical training. In addition, ECG
data from a 75-year-old healthy male who volunteered
to be monitored 3 times/week from April to November
2022 during training on a professional bicycle ergometer
(Technogym, Italy) were included (Table 1).

All participants were free of cardiovascular and
neurological conditions based on clinical history, physical
examinations, and laboratory results. They were required
to refrain from smoking, consuming coffee, or using any
substances or medications that could affect their natural
sympathovagal balance for at least 24 h before ECG
recording.

All participants provided informed consent for ECG
recording and monitoring, primarily related to preventive
checkups for non-competitive sports or fitness-for-duty
evaluations. They also agreed to the anonymous use of
their ECG data for scientific and publication purposes.
All recording procedures were conducted in accordance
with good clinical practice (GPC) guidelines and ethical
standards outlined in the Helsinki Declaration of 1975,
revised in 2013.
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2.2. HRV recordings and analysis

We conducted 24-h 12-lead Holter ECG recordings
using the H12 (Mortara Instruments). Real-time ECG
monitoring during tactical and physical training was
carried out with a 3-lead wearable ECG (Nuubo, Spain).

For longitudinal monitoring during physical training,
each session included 10 min of baseline rest, 5 min of
warm-up, 30 min of exercise, and 10 min of recovery.
The training workload was categorized by age into low
(65-75 watts/min), moderate (75-85 watts/min), semi-
intense (85-95 watts/min), and intense (95-110 watts/
min). For this study, ECG data from 40 training sessions
(10 sessions for each workload) were analyzed.

HRV parameters were calculated using Kubios Premium
software (version 3.5.0) in TD, FD, and NL methods, along
with time-varying algorithms,* following “detrending”
with the “smooth priors” function (lambda = 500).

Short-term HRV was calculated over 5 min* during
regular daily activities and NREM sleep for all participants,
as well as during highly stressful police tactical training
(16 cases). In addition, HRV parameters were assessed
from 2-min intervals, as illustrated in Figure 1, to evaluate

Table 1. Demographics of the studied participants

the reliability of PNSi, SNSi, and BSTRi measurements
from these shorter intervals.

For the training sessions, HRV parameters were
calculated using 2-min intervals taken at baseline rest,
every 4 min during exertion, and at the first, fifth, and
tenth min of recovery. ECG data from 40 training sessions
(10 sessions for each workload) were analyzed. The PNS;,
SNSi, and BSTRi values resulting from each workload were
averaged and compared to evaluate reproducibility across
sessions with the same workload.

Kubios calculates the PNSi by integrating three
parameters: the mean RR interval, the RMSSD (the
mean square root of successive RR interval differences,
closely related to parasympathetic cardiac activation),
and the SD1 index from Poincaré plot (in normalized
units), which correlates with the RMSSD. The PNS
index is considered normal during rest if it falls within
+2 standard deviations (SD) of the normal population
distribution.*

The SNSi is computed using three parameters: the
mean HR interval, the BSTRi, and the SD2 index from the
Poincaré plot (in normalized units), which correlates with
SDNN.** Similar to the PNSi, the SNS index is deemed
normal if it is within +2 SD of the normal population
distribution. During psychophysiological stress or high-

Subgroups No. of cases Sex Age range intensity exercise, significantly lower PNSi and higher
Male  Female (years) SNSi values are expected.

Agel 36 10 26 16-34 The BSTRi is a geometric measure of HRV that indicates
Age2 29 15 14 35-52 stress on the cardiovascular system, calculated using the
Age3 23 10 13 53-84 following formula:

Police officers 16 15 1 31-50 S[= AMo MxDM 0

T xDMn
Senior training 1 1 75 Mo
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Figure 1. Time segment selection method. The upper row shows 6 min of ECG recording, whereas the lower row displays examples of 5-min (light sky

blue) and 2-min (darker sky blue) tachogram segments selected
Abbreviation: ECG: Electrocardiogram.
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where AMo is the mode amplitude (the percentage of
intervals corresponding to the mode value relative to the
sample size), Mo is the mode, and MxDMn represents the
degree of interval variability, calculated from the difference
between the maximum (Mx) and minimum (Mn) intervals.
According to Baevsky, BSTRi values are considered normal
at rest when they range from 80 to 150 conventional units
and are 1.5-2 times higher during physical or emotional
stress. High BSTRi values suggest reduced variability and
increased sympathetic cardiac activation.**** In Kubios,
BSTRi values are expressed as the square root of the
original Baevsky values.*

To calculate both PNSi and SNSi, each parameter is
first compared to the normal population values reported
by Nunan.” These values are then scaled using the SD
of the normal population and refined with undisclosed
proprietary weighting factors to ensure robust and reliable
index values. This process considers the relationships
between exercise intensity, heart rate, and HRV.*

2.3. Statistical analysis

Data were input into SPSS (21.0 version, Chicago, Illinois)
for quantitative analysis. All data were examined for
expected ranges, outliers, and abnormal values. Continuous
variables are presented as mean and SD. Differences
between groups were assessed using either parametric
or non-parametric tests, as appropriate. A P < 0.05 was

considered statistically significant. The Pearson correlation
was used to evaluate the relationships between selected
quantitative variables, with a correlation considered strong
ifR>0.7.

3. Results

3.1. Population

The demographics of the 105 healthy participants are
summarized in Table 1.

3.2, Linear and NL HRV parameters

3.2.1. Variations in HRV parameters based on short-
term interval duration

Compared to those calculated from 5-min intervals,
the average values of most HRV parameters were not
significantly different when calculated from 2-min intervals
across all examined situations (daily activity, NREM
sleep, and acute psychophysiological stress). Significant
differences (P < 0.05) for 5-min intervals were found only
for certain recurrence plot parameters (in all conditions),
approximated entropy (not under stress), the triangular
index, TINN (during NREM sleep), and minimum heart
rate under stress (Table 2).

For clarity, only a selection of Kubios-calculated
parameters will be presented in the following tables.

Table 2. Difference in each HRV parameter calculated from short-term time segments of 2 and 5 min, during regular daily
activity (104 cases), NREM sleep (104 cases), and high-stress tactical training (16 police officers)

Daily activity NREM sleep High stress
2 min interval 5 min n P 2mininterval 5mininterval n P 2mininterval 5mininterval n P
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD

MeanRR ms 7343 120.1 7319 116.8 104 977.8 148.7  975.0 154.0 104 438.0 75.0 4453 702 16
SDNN ms 31.7 15.1 31.2 13.7 104 27.2 12.5 27.5 12.2 104 13.7 13.1 150 126 16
MeanHR bpm 83.8 13.2 84.0 13.0 104 62.7 9.1 63.0 9.9 104 140.2 20.2 1373 17.7 16
MinHR bpm 74.7 11.5 72.7 10.9 104 59.6 8.6 59.1 9.2 104 1229 209 1066 168 16 #
MaxHR bpm 93.7 14.5 97.0 14.9 104 65.7 9.7 67.4 11.6 104 1556 186 160.1 17.7 16
RMSSD ms 22.3 12.1 21.8 11.0 104 32.7 16.0 32.7 16.1 104 6.4 6.1 7.0 6.5 16
pNN50 5.1 8.5 4.6 7.7 104 14.1 16.5 14.2 16.5 104 0.4 1.2 0.6 1.8 16
HRVtriang index 7.6 2.6 8.3 3.0 104 7.1 2.4 7.8 2.8 104 # 3.6 23 3.5 2.5 16
TINN ms 140.9 65.0 1559 67.7 104 117.3 52.2 1354 622 104 # 639 57.2 843 59.7 16

DC ms 18.3 12.4 17.6 11.5 104 28.0 18.6 27.9 17.9 104 54 9.6 52 8.6 16
DCmod ms 23.1 12.3 22.5 11.4 104 36.8 18.6 36.7 18.6 104 6.5 74 6.8 8.0 16

AC ms -18.1 12.7 -175 119 104 -28.9 18.3 -289 181 104 -4.2 6.0 -4.3 5.8 16
ACmod ms -23.7 14.0 -23.0 12.8 104 -38.7 19.9 -38.6  20.0 104 -5.8 5.6 -6.3 6.6 16
VLFpow FFT ms* 98.6 130.7  99.4 102.8 104 39.0 60.4 45.5 58.3 104 25.0 29.3 257 27.0 16
LFpow FFT ms? 880.4 1,051.9 844.5 921.3 104 250.1 364.3 2863 397.6 104 276.6  504.1 317.2 596.6 16

(Contd...)
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Table 2. (Continued)

Daily activity NREM sleep High stress
2 min interval 5 min n P 2mininterval 5mininterval n P 2mininterval 5mininterval n P
Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD
HFpow FFT ms*  218.0 336.6 203.2 2353 104 508.7 647.1 512.6 662.8 104 47.8 81.6 37.6 622 16
VLFpow FFT log 3.9 1.3 4.1 1.1 104 3.1 1.0 33 0.9 104 2.5 1.3 27 1.2 16
LFpow FFT log 6.2 1.1 6.3 1.0 104 5.1 0.9 5.3 0.8 104 4.1 19 43 1.8 16
HFpow FFT log 4.8 1.1 4.8 1.1 104 5.8 0.9 5.8 0.9 104 2.3 1.9 2.4 1.7 16
VLFpow FFT 9.4 6.5 102 65 104 6.0 4.7 6.4 4.9 104 18.0 11.7  18.0 13.6 16
LFpow FFT 72.7 10.5 71.9 10.0 104 32,5 12.1 35.1 12.0 104 70.3 8.8 71.3 11.8 16
HFpow FFT 179 85 178 7.8 104 61.5 141 585 142 104 11.7 68 107 53 16
LFpow FFT nu 80.1 9.4 80.0 8.9 104 34.8 13.6 37.8 14.0 104 86.3 7.3 87.2 5.8 16
HFpow FFT nu 199 94 199 89 104 65.1 13.6 622 14.0 104 13.7 73 128 58 16
TOTpow FFT ms* 1,197.2 1,342.9 1,147.4 1,168.6 104 798.1 955.8 844.7 1,014.2 104 3494  605.0 380.5 681.8 16
LF/HFratio FFT =~ 5.2 33 5.1 3.0 104 0.6 0.7 0.8 1.2 104 9.9 92 87 49 16
VLFpow ARms*> 1219 127.8 121.7 106.8 104 51.0 56.6  55.8 50.0 104 414 66.2 48.9 69.5 16
LFpow AR ms? 820.0 9079 7834 767.1 104 265.4 395.7 2792 3409 104 270.6  506.6 317.6 588.5 16
HFpow AR ms’ 210.3 2939 201.0 2487 104 4889 6369 497.5 6355 104 30.9 54.1 33.6 56.4 16
VLFpow ARlog 4.4 1.0 4.5 0.9 104 3.6 0.8 3.7 0.7 104 2.8 1.5 32 1.3 16
LFpow AR log 6.2 1.1 6.2 1.0 104 5.1 0.9 5.2 0.9 104 4.1 1.9 46 1.5 16
HFpow AR log 4.7 1.1 4.8 1.1 104 5.7 0.9 5.7 0.9 104 2.2 16 25 1.5 16
VLFpow AR 121 5.1 128 5.0 104 7.9 4.8 8.3 4.7 104 21.1 11.0 183 87 16
LFpow AR 70.5 100 699 93 104 333 114 350 124 104 68.4 9.6 725 81 16
HFpow AR 17.4 8.5 17.3 7.6 104 58.8 13.8 56.7 14.8 104 10.5 4.9 9.2 4.4 16
LFpow AR nu 80.1 9.7 80.0 9.0 104 36.4 134 385 14.7 104 86.9 57 889 50 16
HFpow AR nu 19.8 9.7 19.9 8.9 104 63.5 13.4 61.5 14.7 104 13.1 5.7 11.1 5.0 16
TOTpow AR ms*  1,152.5 1,204.8 1,106.4 1,065.9 104 805.6 1,003.0 832.7 9444 104 3429 614.0 400.0 7039 16
LF/HF ratio AR~ 5.1 2.8 5.1 2.8 104 0.7 0.7 0.8 1.1 104 8.0 37 93 34 16
RESP Hz 0.2 0.1 0.2 0.1 104 0.3 0.0 0.3 0.1 104 0.4 0.1 05 0.1 16
SD1 ms 158 8.6 154 7.8 104 232 114 231 11.4 104 4.5 43 50 46 16
SD2 ms 41.9 19.9 41.1 18.1 104 30.4 14.1 31.1 13.7 104 18.8 18.0 20.6 172 16
SD2/SD1 ratio 2.7 0.7 2.8 0.7 104 1.4 0.3 1.4 0.4 104 4.1 1.3 43 1.1 16
ApEn 0.8 0.1 1.2 0.1 104 # 0.6 0.1 1.1 0.1 104 # 1.0 0.2 1.0 0.2 16
SampEn 1.5 0.3 1.5 0.2 104 1.9 0.4 1.9 0.2 104 1.2 04 1.0 03 16
D2 1.3 1.2 1.2 1.3 104 1.2 1.3 1.2 1.4 104 0.3 0.7 0.3 0.7 16
DFA1 1.4 0.2 1.4 0.2 104 0.7 0.2 0.8 0.2 104 1.5 02 1.6 0.1 16
DFA2 0.5 0.1 0.5 0.1 104 0.3 0.1 0.3 0.1 104 0.9 03 08 03 16
RP_Lmean beats 9.5 2.7 10.3 2.6 104 # 7.7 2.2 8.5 2.2 104 # 140 2.2 20.7 5.6 16 #
RP_Lmax beats 107.3 456 2045 1089 104 # 381 162 63.5 312 104 # 2050 593 5164 1856 16 #
RP_REC 29.1 7.6 30.6 6.9 104 17.5 4.9 18.9 5.0 104 # 404 4.8 48.8 8.1 16 #
RP_DET 976 1.8 980 1.3 104 94.8 24 95.6 1.8 104 # 99.1 09 995 03 16
RP_ShanEn 2.9 0.3 3.1 0.3 104 # 2.6 0.3 2.8 0.3 104 # 3.4 0.2 3.8 0.3 16 #

Note: All parameters calculated by Kubios are included, with statistically significant differences (P<0.05) among groups indicated by # in the P columns.
Abbreviations: min: Minute; bpm: Beats per minute; ms: Milliseconds.
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3.2.2. Variations in selected HRV parameters related
to daily activity and NREM sleep

As expected, the average values of most HRV parameters
were significantly different between daily activity and
NREM sleep, with no significant effect from the duration
of the selected short-term intervals (Table 3).

3.2.3. Age-related differences in HRV parameters

Consistent with previous studies, a significant decline
in HRV was observed in most TD and FD parameters
associated with aging, during both daily activity and
NREM sleep. Statistically significant differences were
noted between the Age3 values (C in Table 4, which shows

Table 3. Variations of selected HRV parameters during daily activity and NREM sleep conditions (values calculated from 2-min

and 5-min time segments are provided)

2-min interval p 5-min interval P
Daily activity NREM sleep Daily activity NREM sleep
Mean SD Mean SD n Mean SD Mean SD n

MeanRR ms 734.26 120.12 977.81 148.69 104 # 731.95 116.82 975.00 153.99 104 #
SDNN ms 31.74 15.06 27.21 12.53 104 31.15 13.69 27.53 12.23 104
MeanHR bpm 83.78 13.20 62.71 9.07 104 # 83.97 13.00 63.05 9.93 104 #
MinHR bpm 74.73 11.50 59.63 8.58 104 # 72.70 10.95 59.15 9.18 104 #
MaxHR bpm 93.66 14.48 65.65 9.70 104 97.02 14.85 67.36 11.63 104 #
RMSSD ms 22.30 12.11 32.71 15.99 104 # 21.77 11.01 32.65 16.10 104 #
pNN50 5.07 8.49 14.08 16.49 104 # 4.63 7.65 14.21 16.50 104 #
HRVtriang index 7.56 2.61 7.09 2.43 104 8.27 3.04 7.83 2.77 104
TINN ms 140.87 64.96 117.31 52.15 104 155.89 67.74 135.38 62.20 104
VLFpow FFT ms* 98.64 130.69 39.03 60.39 104 99.42 102.79 45.55 58.30 104 #
LFpow FFT ms* 880.39 1,051.88 250.05 364.28 104 # 844.50 921.31 286.27 397.62 104 #
HFpow FFT ms? 217.98 336.56 508.72 647.12 104 203.24 235.34 512.60 662.76 104 #
LFpow FFT nu 80.09 9.42 34.84 13.61 104 # 80.04 8.93 37.78 13.98 104 #
HFpow FFT nu 19.88 9.41 65.09 13.61 104 # 19.93 8.92 62.17 13.98 104 #
TOTpow FFT ms? 1,197.25 1,342.90 798.11 955.76 104 1,147.42 1,168.60 844.74 1,014.20 104
LF/HF ratio FFT 521 3.31 0.65 0.66 104 # 5.11 3.01 0.81 1.22 104 #
SD1 ms 15.82 8.60 23.23 11.36 104 # 15.41 7.80 23.13 11.40 104 #
SD2 ms 41.85 19.89 30.42 14.12 104 # 41.12 18.08 31.06 13.66 104 #
SD2/SD1 ratio 2.75 0.67 1.36 0.30 104 # 2.77 0.67 1.42 0.43 104 #
ApEn 0.83 0.09 0.65 0.09 104 # 1.16 0.09 1.08 0.09 104 #
SampEn 1.54 0.30 1.95 0.39 104 # 1.53 0.25 1.89 0.22 104 #
DFA1 1.37 0.21 0.74 0.19 104 # 1.38 0.21 0.77 0.20 104 #
DFA? 0.46 0.15 0.29 0.13 104 # 0.48 0.13 0.30 0.11 104 #
RP_Lmean beats 9.51 2.71 7.70 2.16 104 # 10.28 2.62 8.48 221 104 #
RP_Lmax beats 107.28 45.60 38.12 16.23 104 # 204.55 108.91 63.53 31.21 104 #
RP_REC 29.06 7.63 17.48 4.94 104 # 30.59 6.92 18.91 5.05 104 #
RP_DET 97.62 1.77 94.79 2.38 104 # 97.96 1.32 95.55 1.81 104 #
RP_ShanEn 291 0.29 2.60 0.29 104 # 3.09 0.28 2.84 0.29 104 #
RESP Hz 0.24 0.09 0.26 0.04 104 0.25 0.09 0.27 0.05 104

Note: Statistically significant differences (P<0.05) among groups are marked with # in the P-value columns.

Abbreviations: NREM: Non-rapid eye movement; RR: Interval between 2 subsequent R peaks; SDNN: Standard deviation Normal to Normal; RMSSD:
Root Mean Square of Successive Differences; pPNN50: The percentage of successive normal cardiac interbeat intervals >50 msec HR heart rate; HF: High
frequency. LF: Low frequency; TOT: total. pwr: power; SD1 and SD2: Poincare Plot parameters; DFA1 and DFA2: Detrended Fluctuation Analysis alfa
parameters; ApEn: Approximated Entropy; SamEn: Sample entropy; RP: Recurrence Plot parameters.
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Table 4. TD, FD, and NL parameters calculated during daily activity and NREM sleep across the three age groups.

Daily activity (A) (B) (C) NREM sleep (A) (B) (C)
(A) Agel (B) Age2 (C) Age3 (A) Agel (B) Age2 (C) Age3
(n.37) (n.44) (n.23) (n.37) (n.44) (n.23)

Mean SD Mean SD Mean SD  P<0.05 Mean SD  Mean SD Mean SD  P<0.05
MeanRR ms 690.1 96.1 737.8 113.8 788.0 131.0 A 9179 151.2 9923 149.7 1033.8 141.9 A
SDNN ms 34.5 14.6 33.0 12.9 222 97 C 28,5 9.7 31.5 14.3 18.3 52 c C
MeanHR bpm 88.7 13.1 83.1 12.2 780 11.8 C 66.8 9.0 62.0 10.5 59.1 8.6 C
MinHR bpm 75.3 10.7 71.6 10.7 70.7 115 62.0 8.8 58.1 9.6 56.7 8.2
MaxHR bpm 1040 134 96.0 14.4 87.7 125 BC 719 103 66.3 12.5 62.0 9.4 C
RMSSD ms 23.5 12.9 22.6 10.7 174 6.8 33.6 131 374 19.3 22.0 5.9 C
pNN50 6.0 9.8 5.1 7.1 1.5 2.3 151 154 194 18.8 2.9 3.1 C
HRVtriang index 9.2 3.6 8.5 2.5 6.3 2.2 C 8.3 2.3 8.7 3.0 5.5 1.4 C
TINN ms 1723 724 1649 624 1122 520 C 141.8 522 1539 70.1 89.7 334 C

VLFpow FFT ms* 101.3  77.9 1079 129.0 80.2 80.3

428 623 60.1 65.5 22.1 13.0

LFpow FFT ms* 919.5 8209 1,017.3 1,118.3 393.2 380.2

2729 2008 3932 559.0 103.2 725

HFpow FFT ms*  281.6 323.0 1967 1646 89.6 1082 C

oo o000 o0

496.1 4322 699.7 891.6 1812 109.0

LFpow FFT nu 78.2 8.2 81.5 9.8 80.3 8.1

37.7 126 385 16.9 36.4 9.8

HFpow FFT nu 21.8 8.2 18.5 9.8 196 8.1

622 126 614 16.9 63.5 9.8

TOTpow FFT ms* 1,302.8 1,146.4 1,322.2 1,341.0 563.1 519.5 C

812.1 593.8 1,153.4 1,378.5 306.7 172.5 C

LE/HF ratio FFT 4.5 3.3 5.7 3.0 4.9 2.3

0.7 0.7 1.0 1.7 0.6 0.3

SD1 ms 16.7 9.2 16.0 7.5 123 4.8

23.8 93 26.5 13.7 15.6 4.2 c C

SD2 ms 45.8 18.8 43.7 16.9 288 134 C 323 107 355 15.8 20.6 6.4 c C
SD2/SD1 ratio 29 0.6 29 0.6 2.3 0.7 C 1.4 0.3 1.5 0.6 1.3 0.3

ApEn 1.2 0.1 1.1 0.1 1.2 0.1 1.1 0.1 1.1 0.1 1.1 0.1

SampEn 1.5 0.3 1.5 0.2 1.7 0.2 AB 19 0.2 1.8 0.2 2.0 0.2 B
D2 14 14 14 1.2 0.5 0.9 C 1.4 1.5 1.7 14 0.1 0.2 c C
DFA1 1.4 0.2 1.4 0.2 1.3 0.3 0.8 0.2 0.8 0.2 0.8 0.2

DFA2 0.5 0.1 0.4 0.1 0.5 0.1 B 03 0.1 0.3 0.1 0.3 0.1

RP_Lmean beats  10.5 3.0 10.5 2.2 9.4 2.6

8.4 2.0 9.0 2.3 7.5 2.0 C

RP_Lmax beats 229.8 1147 209.1 1075 1553 88.0 C

64.0 294 67.6 34.4 55.1 26.9

RP_REC 31.3 7.5 31.4 6.0 279 7.2 18.8 3.9 19.8 58 17.3 5.0
RP_DET 98.2 1.1 98.2 1.2 97.2 1.7 C 957 1.5 96.0 1.8 94.5 2.1 c C
RP_ShanEn 3.1 0.3 3.1 0.2 3.0 0.3 2.8 0.3 2.9 0.3 2.7 0.3 C
RESP Hz 0.2 0.1 0.3 0.1 0.3 0.1 A 03 0.0 0.3 0.1 0.3 0.0

Note: Statistically significant differences among groups are indicated by A, B, and C in the P<0.05 columns.

Abbreviations: TD: Time domain; FD: Frequency domain; NL: Non-linear; RR: The interval between 2 subsequent R peaks; SDNN: Standard deviation
Normal to Normal; RMSSD: Root Mean Square of Successive Differences; HR: heart rate; HF: High Frequency; LF: Low Frequency; TOT: total;

pwr: Powe; SD1 and SD2: Poincare Plot parameters; DFA1 and DFA2: Detrended Fluctuation Analysis alfa parameters; ApEn: Approximated Entropy;

SamEn: Sample entropy; RP: Recurrence Plot parameters.

data analyzed from 5-min intervals) and those of both
Agel and Age2 groups (A and B in Table 4).

During daily activity, sympathetic modulation was
indicated by higher LFpower (919.5 msec” in Agel, 1017.3
msec® in Age2, and 393.0 msec” in Age3) and LF/HF ratio
(4.5 in Agel, 5.7 in Age2, and 4.9 in Age3), along with

lower RMSSD (23.5 ms in Agel, 22.6 in Age2, and 17.4
in Age3), HFpower (281.6 msec” in Agel, 196.7 msec” in
Age2, and 89.6 msec” in Age3), and SD1 (16.7 ms in Agel,
16.0 in Age2, and 12.3 in Age3).

In addition, the VLFpower values were higher during
activity (101.3 msec* in Agel, 107.9 msec? in Age2, and
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80.2 msec? in Age3) compared to NREM sleep (42.8 msec?
in Age2, 60.1 msec® in Age2, and 22.1 msec” in Age3), with
a statistically significant difference noted only between
Age2 and Age3 during NREM (Table 4).

3.3. Kubios indexes

The PNSi, SNSi, and BSTRi values showed no significant
differences when calculated from 2- and 5-min intervals
during daily activity and NREM sleep (Table 5).

3.3.1. Age-related variations in Kubios indexes during
daily activity and NREM sleep

Average PNSi values fell within the recommended normal
range, with no significant age-related variations noted
during either daily activity or NREM sleep.

Average SNSi values were slightly above the normal range
during daily activity but remained within normal limits
during NREM sleep, particularly in the Age2 group (0.36 +
1.33) compared to Agel (0.82 + 1.17) and Age3 (0.92 £ 0.98).

Average BSTRi values were considerably lower than the
“normal range” indicated in the original literature,”** as
Kubios’ BSTRi is calculated as the square root of Baevsky’s
values.” There were no significant differences within
each age group between daily activity and NREM sleep.
However, a gradual increase was observed from Agel to
Age3, with Age3 values significantly higher (P < 0.05) than

Table 5. Average values of PNSi, SNSi, and BSTRIi for all
104 participants during daily activity and NREM sleep,
calculated from 2- and 5-min time segments

Daily activity NREM sleep
2-min P 5-min 2-min P 5-min
interval interval interval interval
Mean SD Mean SD Mean SD Mean SD
PNSi -146 080 ns -1.49 076 0.12 0.92 ns 0.09 0.95
SNSi 247 174 ns 230 164 0.77 1.19 ns 0.65 1.22
BSTRi 1721 690 ns 16.01 6.40 1634 5.12 ns 1533 4.86

Abbreviations: min: Minute; ns: Non-significant.

those of Agel and Age2 during both daily activity and
NREM sleep (Table 6).

3.3.2. Kubios indexes during physical training

Figure 2 illustrates an example of Kubios’ synthetic output
for PNSi and SNSi during regular daily activity and
physical effort.

Average values for PNSi, SNSi, and BSTRi were
significantly different (P < 0.05) between measurements
taken at rest and at peak effort, with PNSi decreasing and
SNSi and BSTRi increasing. This trend reversed at 1 and
5 min into recovery (Table 7X) and also varied across
different training sessions (Table 7Y).

As expected, the relationship between SNSi and
BSTRi was strictly linear (R? = 0.98), whereas the inverse

Regular daily activity Physical effort

thetic tone (recovery)

Parasympathetic tone (recovery)

PNS Index = -1.27 " PNS Indox = 3.35

HIGH HIGH
Sympathetic tone (stress) Sympathetic tone (stress)
SNS Index = 1.66 SNS Index = 13.64
SD: SO SD:-280 280

280° SD 1 SD:-28t

/f\-mﬁ-mm|

| eren]

| g s:h\njhdu-“| < Sﬁo\uﬁhﬁx-ﬂ|
AR =Tl
A LOW > M LOW

Figure 2. Example of the Kubios* graphic display of PNSi and SNSi,
calculated from selected short-term time segments during regular daily
activity and physical effort

Abbreviations: PNS: Parasympathetic nervous system; SNS: Sympathetic
nervous system; RMSSD: Root mean square of successive differences;
HR: Heart rate; SD1 and SD2: Poincare plot parameters.

Table 6. Age-dependent behavior of the parasympathetic (PNSi), sympathetic (SNSi), and Baevsky’s stress (BSTRi) indexes

during daily activity and NREM sleep

Daily activity NREM sleep
(A) Agel P (B) Age2 P (C) Age3 (A) Agel P (B) Age2 P (C) Age3
(n.37) (n. 44) (n.23) (n.37) (n. 44) (n.23)
Mean 787 Mean SD Mean SD Mean SD Mean SD Mean 787
PNSi -1.66 0.77 ns -1.44 0.78 ns -1.30 0.67 -0.14 0.90 ns 0.29 1.07 ns 0.09 0.71
SNSi 2.44 1.54 ns 2.13 1.64 ns 2.38 1.81 0.82 1.17 ns 0.36 1.33 ns 0.92 0.98
BSTRi 14.77 4.85 ns 15.29 6.31 # 19.39 7.73 14.92 4.50 ns 13.88 4.87 # 18.79 3.77

Note: Statistically significant differences (P<0.05) among groups are marked with # in the P-value columns.
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correlations between PNSi and both SNSi and BSTRi were
better fitted by quadratic or cubic functions (R* = 0.92 for
quadratic and R?* = 0.96 for cubic, compared to R* = 0.77

Table 7. Average values of PNSi, SNSi, and BSTRi at rest,
at peak effort, and at the first and fifth min of recovery (X).
Average values of PNSi, SNSi, and BSTRi across training
sessions with different workloads (Y)

X Selected training phases
(A) Rest (B) Peak (C) First (D) Fifth
effort min rec min rec
Mean SD Mean SD Mean SD Mean SD
PNSi -1.10 046 -353 040 -299 055 -2.10 0.27
SNSi 192 078 1759 6.10 897 4.67 447 1.27
BSTRi 1822 354 8291 2697 4130 20.82 26.58 6.43
P<0.05 BCD B BC
ACD AD A
ACD AD
Y Session training workloads (watts/min)
(A) 65-75 (B) 75-85 (C)85-95 (D) 95-110
Mean SD Mean SD Mean SD Mean SD
PNSi -221 058 -244 085 -253 0.76 -2.73 0.80
SNSi 528 273 726 520 756 536 921 637
BSTRi 30.34 12.10 3832 22.15 38.92 22.72 4539 27.59
P<0.05 CD
D
A A ABC

Note: Statistically significant differences (P<0.05) among groups are
indicated by A, B, C, and D, as applicable.
Abbreviation: rec: recovery.

A
Physical
stress

PNS index

SNS index

B

Psychophysiological
stress

PNS index

SNS index

T T T
-5 o 5 10 15 20

for linear) and (R?* = 0.79 for quadratic and R* = 0.84 for
cubic, compared to R? = 0.66 for linear), respectively, when
evaluated during physical effort (Figure 3A).

Figure 4 provides an example of the time-varying
behavior of PNSi, SNSi, and BSTRi throughout a training
session, highlighting four short intervals at baseline rest,
medium and peak effort, and during recovery.

3.3.3. Kubios indexes during police tactical training
(psychophysiological stress)

The average baseline values of PNSi and SNSi for the 16
police officers were within the suggested normal range,*
showing no significant differences when calculated from
2- and 5-min intervals. Average baseline BSTRi values were
already above the normal limit before the tactical training
began and increased up to 3 times during two subsequent
scenarios designed to escalate challenging operational tasks.
BSTRi values during stress were higher when calculated
from 2-min intervals, though this difference was not
statistically significant (Table 8). As expected, the increase
in psychophysiological stress from realistic tactical training
resulted in a significant increase in SNSi, reaching up to
6 times the upper normal limit, alongside a progressive
decrease in PNSi (from -1.4 + 0.8 to -3.8 + 0.7) (Table 9).

An example of the time-varying behavior of PNSi
and SNSi during a realistic training session is shown
in Figure 5A, alongside HRV spectral components
(Figure 5B). Individual BSTRi values exceeded 80
conventional units at peak stress (Figure 5C).

Similar to findings during physical training, the
relationship between SNSi and BSTRi was strictly linear

PNS index

L b

Observed o
Linear
Quadratic — - - —
Cubic

BSTR index

PNS index

80 100 120
BSTR index

Figure 3. Curves depicting the relationships between PNSi and SNSi (A) and between PNSi and BSTRi (B), illustrating different patterns under physical

and psychophysiological stress (see text for details)

Abbreviations: PNS: Parasympathetic nervous system; SNS: Sympathetic nervous system; BSTR: Baevski stress.
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Figure 4. Example of the time-varying behavior of heart rate (HR), PNSi, SNSi, and BSTRi during a training session
Abbreviations: PNSi: Parasympathetic nervous system index; SNSi: Sympathetic Nervous System index; BSTRi: Baevski stress index; HR: heart rate.

Table 8. Average values of PNSi, SNSi, and BSTRi for the 16 police officers, calculated from 2- and 5-min intervals, before and
during realistic tactical scenarios involving varying levels of psychophysiological stress

Baseline Medium stress High stress
2-min interval 14 5-min interval 2-min interval 14 5-min interval 2-min interval P 5-min interval
Mean o SD Mean SD Mean SD Mean SD Mean SD Mean o SD
PNSi -1.4 0.8 ns -1.6 0.7 -2.8 1.1 ns -2.8 1.0 -3.8 0.7 ns -3.7 0.7
SNSi 1.9 1.5 ns 2.1 1.4 7.6 6.4 ns 6.5 5.3 12.5 5.6 ns 10.0 3.7
BSTRi 14.0 5.9 ns 13.9 47 30.4 21.6  ns 25.0 15.9 45.8 21,5 ns 34.0 13.8

Abbreviations: min: Minute; ns: Non-significant.

Table 9. Stress-induced changes of PNSi, SNSi, and BSTRi

(A) Baseline P (B)Medium P (C) High P
stress stress
Mean SD Mean SD Mean SD
PNSi -14 08 # -2.8 1.1 * -3.8 0.7
SNSi 1.9 1.5 7.6 64 ° 12.5 56 §
BSTRi  14.0 5.9 304 216 ° 458 215 &

Note: Average values of 16 police officers calculated from 2-min time
segments are shown. # P<0.05 A vs. B and vs. C; ‘&’ denotes P<0.05 C
vs. A; ‘S’ denotes P<0.05 C vs. A and B; *P<0.05 B vs. C; P<0.05 B vs. A.

(R? = 0.98), whereas the inverse relationship between
PNSi and either SNSi or BSTRi was better modeled by
NL functions (Figure 3B). The type of non-linearity
between PNSi and SNSi appears to depend on whether the
participant is experiencing physical or psychophysiological
stress. The NL regression fitting PNSi and SNSi with a
quadratic polynomial yielded an R* value slightly lower
than that obtained from a cubic regression (from R*=0.978
to R* = 0.965). In contrast, when analyzing physical stress
data, the decrease in R* was more pronounced (from
R*=0.961 to R* = 0.920) (Figure 3A). Moreover, for SNSi

values between 10 and 20 units, PNSi values during effort
and psychophysiological stress differed by nearly one unit
on average. A similar trend was noted in the relationship
between PNSi and BSTRi.

3.3.4. Relationship between Kubios indexes and HRV
spectral parameters

The Pearson correlation between the PNS, SNS, and
BSTR indexes calculated by Kubios and the HRV spectral
parameters is presented in Table 10. Although significant
(P < 0.01), the correlations between each index and the
VLE LE HE and Totalpower spectral components were
moderate during daily activity and physical effort (R values
ranging from 0.470 to 0.668) and moderate to strong
during psychophysiological stress. Notably, there was no
correlation with the LF/HF ratio in any situation.

4, Discussion

The dynamic nature of CAM is essential for maintaining
physiological homeostasis, adapting to environmental
demands, and ensuring proper responses to acute
stress, thereby supporting survival in life-threatening
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Figure 5. 24-h Holter recording from a police officer, including a realistic tactical training session. (A) Time-varying behavior of the mean heart rate, SNSi
(orange area), and PNSi (light blue area). (B) Time-varying behavior of respiration (green line) and HRV spectral components (HF and LF). (C) Time-
varying behavior of HFpower (blue line) and BSTRi (gray area), which temporarily reached a value of 82, accompanied by a drop in the HF spectral

component

Abbreviations: PNS: Parasympathetic nervous system; SNS: Sympathetic nervous system; BSTRi: Baevski stress index; HR: heart rate; HF: High Frequency;

LF: Low Frequency; RESP: Respiration.

situations.”** HRV analysis serves as a powerful non-
invasive tool or assessing ANS function, deepening our
understanding of CAM across various psychophysiological
contexts. However, identifying which HRV parameters can
serve as definitive markers of human stress responses and
evaluating the suitability of different analytical methods
has been widely debated.**** Notably, the use of LF/HF
ratio as an indicator of “sympathovagal balance”®” has been
called into question,® with criticisms aimed at the rigid
framework based on frequency bands.*>*

In this study, a preliminary evaluation showed that short-
term HRV analysis from 2-min intervals, which is useful for
assessing transient CAM changes (such as those triggered
by sudden acute stress), did not significantly alter the
quantitative estimates of most HRV parameters (except for
the recurrence plot) (Table 2). It also confirmed established
differences between regular daily activity and NREM sleep
(Table 3), as well as the age-related decline in HRV, regardless
of whether linear or NL methods were used (Table 4).

Although there are known correlations between certain
HRYV parameters - such as TD SDNN with spectral Totalpower
and VLF/LF components (sympathetic indexes) and TD
RMSSD, pNN50 with spectral HFpower (parasympathetic

indexes) — the manual integration of multiple TD, FD, and NL
HRYV parameters remains challenging and time-consuming.*
Many years ago, several indexes (e.g., the index of regulatory
system activity) were proposed in space medicine to simplify
the complex HRV-based evaluation of individual functional
states.”®** With the recent availability of automatically
calculated indexes like PNSi, SNSi, and BSTRi,* this
retrospective study aimed to evaluate their normality range in
a healthy population, considering variability due to aging and
situational factors such as normal daily activity, NREM sleep,
physical effort, and real-world psychophysiological stress.

Notably, all three Kubios indexes incorporate non-
HRYV spectral parameters, making them potentially useful
for independently assessing the functional significance of
HRV spectral components in these contexts. Although
a moderate but significant correlation was observed
between each index and the VLE LE HE and Totalpower,
no correlation was found between the indexes and the LF/
HF ratio (Table 10). This supports the ongoing criticism
regarding the use of the LF/HF ratio as a definitive measure
of sympathovagal balance.®

In recent decades, greater attention has been given
to the FD VLF band due to its potential correlation with
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Table 10. Pearson’s correlation coefficients between PNSi,
SNSi, and BSTRi and the HRV spectral components
during baseline daily activity, physical effort, and
psychophysiological stress

PNSi SNSi BSTRi
Baseline
VLFpow FFT ms* 0.470** —0.497** —0.533**
LFpow FFT ms? 0.492** -0.530%* -0.626**
HFpow FFT ms* 0.549** —0.484** —0.545%*
TOTpow FFT ms? 0.557** -0.575%% -0.668**
LF/HF ratio FFT -0.132 0.018 -0.033
Physical effort
VLFpow FFT ms* 0.510** —0.465** —0.468**
LFpow FFT ms* 0.681** -0.638** —0.638**
HFpow FFT ms? 0.579** —-0.659** —-0.660**
TOTpow FFT ms? 0.599** —-0.591** —0.602**
LF/HF ratio FFT 0.031 0.036 0.051
Psychophysiological
VLFpow FFT ms? 0.596** -0.644%% -0.624**
LFpow FFT ms? 0.787** —-0.756** —0.727**
HFpow FFT ms* 0.636** —-0.627** —0.611**
TOTpow FFT ms? 0.805** —-0.779** —-0.750**
LE/HF ratio FFT -0.147 0.190 0.209

Note: **P < 0.01.
Abbreviation: FFT: Fast Fourier transform.

stressful stimuli.”* In our study, VLFpower was higher
during daily activity than during NREM sleep across all
age groups, confirming its association with homeostatic
mechanisms such as thermoregulation, baroreflex activity,
and the renin-angiotensin system.”’ However, although
significant, the correlations found between VLFpower and
PNSi (positive correlation) and with SNS and BSTR indexes
(negative correlation) were only moderate (Table 10).

Notably, a recent study reported a time-varying increase
in VLFpower that followed the same trend as heart rate
and the Kubios Baevsky stress index,” suggesting that
VLFpower may serve as a marker for stress-related increases
in intrinsic cardiac sympathetic activity.*** However, the
VLEF spectral component is generally viewed as indicative of
slower physiological mechanisms, sympathovagal balance,
and a reduction in vagal tone during mental stress.?***
The discrepancy between that study and our findings may
be attributed to the VLF filtering effect of the detrending
with the smoothness priors function used in our study.

Despite the notable changes in linear parameters
associated with the well-known decline of HRV due to
aging,'? average PNSi values remained within the suggested
normal range during both daily activity and NREM sleep.

Average SNSi values were slightly above normal during
regular daily activity and, as expected, significantly lower
during NREM (Table 5), with no significant age-related
variations observed (Table 6). In contrast, the BSTRi was
significantly higher in Age3 compared to both Agel and
Age2. This unexpected result may indicate that “healthy
elderly” individuals exhibit a more complex adaptation
of CAM, potentially influenced by a moderate increase in
physiological stress. However, further research involving
a larger population is needed to confirm this preliminary
observation.

Although the evaluation of PNSi and SNSi was not
affected by the duration of the time segments used for
calculation, BSTRi values during high stress were higher
(though not significantly) when calculated from 2-min
intervals (Table 8), which may be more suitable for assessing
the complex brain-heart interaction during critical events.
However, we believe that the assessment of Kubios’ BSTRi
“normality range” requires further investigation. Notably,
an interesting finding from this study, which has not been
reported previously, is that average BSTRi values around 45
and even exceeding 80 conventional units were observed at
peak stress during police tactical training. This suggests a
variable combination of physical and psychophysiological
stress, with individual peaks exceeding 60 in five cases and
above 80 in one case (Figure 5). If squared (since Kubios’
stress index is the square root of Baevsky’s values), the
observed values of 45-80 would correspond to 2025-6400
Baevsky conventional units, which are extremely high
and theoretically inconsistent with a healthy status and
adequate functional capabilities.*** This was not the case
for our police officers; however, in a few instances, values
exceeding 60 during highly stressful tactical scenarios
were linked to poor tactical performance. Moreover,
similar values were consistently achieved and tolerated by
a 75-year-old volunteer during intensive effort without any
subjective clinical symptoms or functional or ECG changes.
Furthermore, as suggested by space medicine, individual
physiological responses in critical situations may not align
with average statistical normality, as adaptive reactions
can vary based on individual psychophysiological and
functional capabilities.”® Interestingly, previous reports
indicated that a similar BSTRi value in a highly fit police
officer, without significant physical effort, was linked to a
loss of situational control, resulting in operational failure
and the sudden onset of paroxysmal arrhythmia, attributed
to a marked acute CAM imbalance.” Under such intense
and uncontrolled psychophysiological stress, which can
lead to immobilization (freezing) and an inability to
respond to external threats, HRV decreases significantly.
An unexpected increase in the delayed HF component has
been noted in ultra-short-term HRV analysis,” aligning
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with Porges’ “polyvagal theory;” which suggests that the
unmyelinated vagus (the most primitive parasympathetic
pathway), is activated when other defensive strategies (the
myelinated social vagus and the sympathetic “fight or flight”
response) fail to manage behavioral and physiological
adaptation in life-threatening situations.?>**

According to the “neurovisceral integration model,” the
interaction with the complex “brain-heart-body system,”
which allows for flexibility and adaptability to stressors,
can be assessed through HRV analysis. Specifically, the HF
spectral component serves as a reliable parasympathetic
biomarker for measuring self-regulation and health.?**

Asignificantchallengein psychophysiologyisquantifying
the extent of stress-induced psychophysiological overload
with HRV analysis® and its correlation with adaptive or
maladaptive behaviors. The previously unreported finding
that, under stress, the inverse correlation between the PNSi
and the SNSi (and BSTRi) is NL (Figure 3), rather than
the usual linear relationship at rest, could introduce a new
framework for evaluating sympathovagal interaction in
complex real-life critical situations. This may help define a
critical level of dysfunctional parasympathetic modulation
that impairs the “brain-heart-body system’s” flexibility,
resulting in insufficient rational control of stressful
situations. This is supported by two additional findings
indicating a significant mechanistic difference in CAM
based on the type of stress encountered: (1) Although the
relationship between the two indexes is NL in both cases,
the nature of the non-linearity differs, with cubic functions
providing a better fit for physical stress than quadratic
functions. (2) For SNSi values between 10 and 20 units,
the level of parasympathetic withdrawal was greater under
psychophysiological stress, averaging nearly one SD of
PNSi. If confirmed through targeted experimental studies,
examining the dynamic relationship between PNSi and
SNSi could serve as a valuable tool for identifying individual
psychophysiological stress levels, which may influence the
success or failure of operational outcomes, particularly in
complex real-world situations that also involve physical
effort, as seen in sports competitions or tactical operations.

Finally, the time-varying calculation of the PNS,
SNS, and BSTR indexes effectively provided a quick
overview of how CAM adapts to increasing physical effort
(Figure 4) and the temporary rise in sympathetic drive
alongside parasympathetic withdrawal during realistic
tactical training (Figure 5). Further research is needed to
determine if these additional parameters can enhance the
ability to differentiate between psychophysiological stress
and concurrent physical strain during real-world critical
events.’*?’

5. Conclusion

The automatic calculation of PNSi, SNSi, and BSTRi indexes
provides a quicker and more comprehensive assessment
of adaptive CAM in both physiological and pathological
conditions. Monitoring these indexes over time and in real
time could greatly improve our understanding of heart—
brain interaction dynamics, especially during acute stress
from real-life critical events.”*

In this study, PNSi and SNSi remained within the
suggested normality range* at rest, with their variations
during physical and psychophysiological stress showing
the expected inverse correlation. If further research
confirms that the inverse correlation between PNSi and
SNSi (and BSTRi) under stress is NL and better fitted by
NL functions (Figure 3), it could introduce a new approach
for assessing sympathovagal interaction in complex real-
world situations.

Given the relatively small sample size in this pilot
study, although the results are promising, further research
involving a larger population under dynamic physiological
conditions is necessary to establish a reliable and potentially
unbiased normality database. The BSTRi values calculated
using Kubios software did not match those derived from
the original Baevsky formula. Squaring the values obtained
from this study of healthy individuals under effort or
psychophysiological stress resulted in units that exceeded
the range suggested by Baevsky, even for critical cardiac
conditions.**** Therefore, the evaluation of the normality
range for BSTRi calculated with Kubios software requires
further investigation.

Acknowledgments

None.

Funding

None.

Conflict of interest

The authors declare they have no competing interests.

Author contributions

Conceptualization: Donatella Brisinda, Riccardo Fenici

Investigation: Donatella Brisinda, Riccardo Fenici

Methodology: Donatella Brisinda, Riccardo Fenici, Marco
Picerni

Formal analysis: Donatella Brisinda, Riccardo Fenici,
Marco Picerni

Writing-original draft: Donatella Brisinda, Riccardo Fenici

Writing-review ¢ editing: All authors

Volume X Issue X (2024)

13

doi: 10.36922/bh.3503


https://dx.doi.org/10.36922/bh.3503

Brain & Heart

Automatic cardiac autonomic modulation assessment

Ethics approval and consent to participate

Not applicable, being the study a retrospective analysis of
ECG database data available from previous investigations
carried out on a volunteered basis and/or for sports or duty
fitness evaluation. All subjects had given verbal informed
consent for the performance of their ECG recordings and
analysis.

Consent for publication

All subjects had given verbal informed consent for the
eventual use of their anonymized data for scientific and
publication purposes.

Availability of data

The original clinical data are not publicly sharable due to
ongoing privacy norms.

Further disclosure

A vpartial analysis of the 75-year-old volunteer training
sessions was accepted as a poster presentation at the
European Congress of Cardiology 2021.

References

1. Levy MN. Autonomic interactions in cardiac control. Ann N
Y Acad Sci. 1990;601:209-221.

doi: 10.1111/j.1749-6632.1990.tb37302.x

2. Kleiger RE, Miller JP, Bigger JT Jr., Moss AJ. Decreased
heart rate variability and its association with increased
mortality after acute myocardial infarction. Am ] Cardiol.
1987;59(4):256-262.

doi: 10.1016/0002-9149(87)90795-8

3. Parin VV, Baevsky RM, Gazenko OG. Heart and circulation
under space conditions. Cor Vasa. 1965;7:165-184.

4. Malik M. Guidelines heart rate variability. Eur Heart J.
1996;17:354-381.

doi: 10.1161/01.CIR.93.5.1043

5. Ernst G. Heart-rate variability-more than heart beats? Front
Public Heal. 2017;5:240.

doi: 10.3389/fpubh.2017.00240

6. Pagani M, Lombardi F Guzzetti S, et al. Power spectral
analysis of heart rate and arterial pressure variabilities as a
marker of sympatho-vagal interaction in man and conscious
dog. Circ Res. 1986;59(2):178-193.

7. Malliani A, Pagani M, Lombardi F, Cerutti S. Cardiovascular
neural regulation explored in the frequency domain.
Circulation. 1991;84(2):482-492.

doi: 10.1161/01.cir.84.2.482

8.  Eckberg DL. Sympathovagal balance: A critical appraisal.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Circulation. 1997;96(9):3224-3232.
doi: 10.1161/01.¢ir.96.9.3224

Umetani K, Singer DH, McCraty R, Atkinson M. Twenty-
four hour time domain heart rate variability and heart rate:
Relations to age and gender over nine decades. ] Am Coll
Cardiol. 1998;31(3):593-601.

doi: 10.1016/s0735-1097(97)00554-8

Jancke L, Mérillat S, Liem F, Hanggi J. Brain size, sex, and the
aging brain. Hum Brain Mapp. 2015;36(1):150-169.

doi: 10.1002/hbm.22619

Gribbin B, Pickering TG, Sleight P, Peto R. Effect of age and
high blood pressure on baroreflex sensitivity in man. Circ
Res. 1971;29(4):424-431.

doi: 10.1161/01.res.29.4.424

Voss A, Schroeder R, Heitmann A, Peters A, Perz S. Short-
term heart rate variability--influence of gender and age in
healthy subjects. PLoS One. 2015;10(3):e0118308.

doi: 10.1371/journal.pone.0118308

Batchinsky AI, Cooke WH, Kuusela T, Cancio LC. Loss
of complexity characterizes the heart rate response to
experimental hemorrhagic shock in swine. Crit Care Med.
2007;35(2):519-525.

doi: 10.1097/01.CCM.0000254065.44990.77

Werdan K, Schmidt H, Ebelt H, et al. Impaired regulation of
cardiac function in sepsis, SIRS, and MODS. Can ] Physiol
Pharmacol. 2009;87(4):266-274.

doi: 10.1139/Y09-012

Signorini MG, Ferrario M, Marchetti M, Marseglia A.
Nonlinear analysis of heart rate variability signal for the
characterization of cardiac heart failure patients. Conf Proc
IEEE Eng Med Biol Soc. 2006;2006:3431-3434.

doi: 10.1109/TEMBS.2006.259744

Perkiomaki JS, Hamekoski S, Junttila M]J, Jokinen YV,
Tapanainen ], Huikuri HV. Predictors of long-term risk for
heart failure hospitalization after acute myocardial infarction.
Ann Noninvasive Electrocardiol. 2010;15(3):250-258.

doi: 10.1111/j.1542-474X.2010.00372.x

Morris JA Jr, Norris PR, Waitman LR, Ozdas A,
Guillamondegui OD, Jenkins JM. Adrenal insufficiency,
heart rate variability, and complex biologic systems: A study
of 1,871 critically ill trauma patients. ] Am Coll Surg.
2007;204(5):883-885.

doi: 10.1016/j.jamcollsurg.2007.01.019

Ryan ML, Ogilvie MP, Pereira BM, et al. Heart rate variability
is an independent predictor of morbidity and mortality in
hemodynamically stable trauma patients. ] Trauma Acute
Care Surg. 2011;70(6):1371-1380.

doi: 10.1097/TA.0b013e31821858¢e6

Volume X Issue X (2024)

doi: 10.36922/bh.3503


https://dx.doi.org/10.36922/bh.3503
http://dx.doi.org/10.1111/j.1749-6632.1990.tb37302.x
http://dx.doi.org/10.1016/0002-9149(87)90795-8
http://dx.doi.org/10.1161/01.CIR.93.5.1043
http://dx.doi.org/10.3389/fpubh.2017.00240
http://dx.doi.org/10.1161/01.cir.84.2.482
http://dx.doi.org/10.1161/01.cir.96.9.3224
http://dx.doi.org/10.1016/s0735-1097(97)00554-8
http://dx.doi.org/10.1002/hbm.22619
http://dx.doi.org/10.1161/01.res.29.4.424
http://dx.doi.org/10.1371/journal.pone.0118308
http://dx.doi.org/10.1097/01.CCM.0000254065.44990.77
http://dx.doi.org/10.1139/Y09-012
http://dx.doi.org/10.1109/IEMBS.2006.259744
http://dx.doi.org/10.1111/j.1542-474X.2010.00372.x
http://dx.doi.org/10.1016/j.jamcollsurg.2007.01.019
http://dx.doi.org/10.1097/TA.0b013e31821858e6

Brain & Heart

Automatic cardiac autonomic modulation assessment

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Taylor JA, Carr DL, Myers CW, Eckberg DL. Mechanisms
underlying very-low-frequency RR-interval oscillations in
humans. Circulation. 1998;98(6):547-555.

doi: 10.1161/01.CIR.98.6.547

Usui H, Nishida Y. The very low-frequency band of heart
rate variability represents the slow recovery component after
a mental stress task. PLoS One. 2017;12:e0182611.

doi: 10.5061/dryad.7

Shaffer F, McCraty R, Zerr CL. A healthy heart is not a
metronome: An integrative review of the heart’s anatomy
and heart rate variability. Front Psychol. 2014;5:1040.

doi: 10.3389/fpsyg.2014.01040

Goldberger AL. Fractal variability versus pathologic
periodicity: Complexity loss and stereotypy in disease.
Perspect Biol Med. 1997;40(4):543-561.

doi: 10.1353/pbm.1997.0063

Porges SW. The polyvagal theory: New insights into adaptive
reactions of the autonomic nervous system. Cleve Clin |
Med. 2009;76(Suppl 2):S86-590.

doi: 10.3949/ccjm.76.52.17

Porges SW. Orienting in a defensive world: Mammalian
modifications of our evolutionary heritage. A polyvagal
theory. Psychophysiology. 1995;32(4):301-318.

doi: 10.1111/j.1469-8986.1995.tb01213.x

Wacker J, Heldmann M, Stemmler G. Separating emotion
and motivational direction in fear and anger: Effects on
frontal asymmetry. Emotion. 2003;3(2):167-193.

doi: 10.1037/1528-3542.3.2.167

Stemmler G, Aue T, Wacker J. Anger and fear: Separable effects
of emotion and motivational direction on somatovisceral
responses. Int ] Psychophysiol. 2007;66(2):141-153.

doi: 10.1016/j.ijpsycho.2007.03.019

Thayer JF, Lane RD. A model of neurovisceral integration
in emotion regulation and dysregulation. J Affect Disord.
2000;61(3):201-216.

doi: 10.1016/S0165-0327(00)00338-4

Thayer JE Ahs E Fredrikson M, Sollers JJ 3, Wager TD.
A meta-analysis of heart rate variability and neuroimaging
studies: Implications for heart rate variability as a marker of
stress and health. Neurosci Biobehav Rev. 2012;36(2):747-756.

doi: 10.1016/j.neubiorev.2011.11.009

Smith R, Thayer JE, Khalsa SS, Lane RD. The hierarchical
basis of neurovisceral integration. Neurosci Biobehav Rev.
2017;75:274-296.

doi: 10.1016/j.neubiorev.2017.02.003

Kim HG, Cheon EJ, Bai DS, Lee YH, Koo BH. Stress and
heart rate variability: A meta-analysis and review of the

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

literature. Psychiatry Investig. 2018;15(3):235-245.
doi: 10.30773/pi.2017.08.17

Richman JS, Moorman JR. Physiological time-series analysis
using approximate and sample entropy. Am ] Physiol Hear
Circ Physiol. 2000;278(6 47-6):2039-2049.

doi: 10.1152/ajpheart.2000.278.6.h2039

Eckmann JP, Oliffson Kamphorst S, Ruelle D. Recurrence
plots of dynamical systems. Europhys Lett. 1987;4:973-977.

doi: 10.1209/0295-5075/4/9/004

Melillo P, Bracale M, Pecchia L. Nonlinear heart rate
variability features for real-life stress detection. Case study:
Students under stress due to university examination. Biomed
Eng Online. 2011;10(1):96.

doi: 10.1186/1475-925X-10-96

Brisinda D, Di Florio E, Savorgnan C, et al. Clinical
validation of a novel wearable system for real-time telemetric
transmission of transient changes of cardiac autonomic
modulation induced by psychophysiological and physical
stress. Eur Heart J. 2020;41(Suppl 2):ehaa946.3476.

doi: 10.1093/ehjci/ehaa946.3476

Fenici R, Brisinda D, Sorbo AR. Methods for real-time
assessment of operational stress during realistic police
tactical training. In: Kitaeff J, editor. Handbook of Police
Psychology. England: Routledge/Taylor and Francis Group;
2011. p. 295-319.

doi: 10.4324/9780203836170

Brisinda D, Venuti A, Cataldi C, Efremov K, Intorno E,
Fenici R. Real-time imaging of stress-induced cardiac
autonomic adaptation during realistic force-on-force police
scenarios. J Police Crim Psychol. 2015;30(2):71-86.

doi: 10.1007/s11896-014-9142-5

Brisinda D, Fioravanti E Sorbo AR, Venuti A, Fenici R.
Psychophysiological assessment of acute stress induced
by high-pressure law-enforcement driving: A pilot study.
Psychol Soc Behav Res. 2015;2(3):36-50.

doi: 10.12966/psbr.06.03.2015

Affani A, Zontone P, Fenici R, et al. Assisted/Autonomous vs.
Human Driving Assessment on the DiM driving Simulator
using Objective/Subjective Characterization. In: Pfeffer PE,
editor. 10" International Munich Chassis Symposium 2019.
Wiesbaden: Springer Fachmedien; 2020. p. 307-321.

doi: 10.1007/978-3-658-26435-2_23

Bateni P, Sigal L. Real-Time Monitoring of User Stress,
Heart Rate and Heart rATE Variability on Mobile Devices
[Preprint]; 2022.

doi: 10.48550/arXiv.2210.01791

Tarvainen MP, Lipponen J, Niskanen JP, Ranta-aho PO.
Kubios HRV Software USERS GUIDE; 2021. p. 4-39.

Volume X Issue X (2024)

doi: 10.36922/bh.3503


https://dx.doi.org/10.36922/bh.3503
http://dx.doi.org/10.1161/01.CIR.98.6.547
http://dx.doi.org/10.5061/dryad.7
http://dx.doi.org/10.3389/fpsyg.2014.01040
http://dx.doi.org/10.1353/pbm.1997.0063
http://dx.doi.org/10.3949/ccjm.76.s2.17
http://dx.doi.org/10.1111/j.1469-8986.1995.tb01213.x
http://dx.doi.org/10.1037/1528-3542.3.2.167
http://dx.doi.org/10.1016/j.ijpsycho.2007.03.019
http://dx.doi.org/10.1016/S0165-0327(00)00338-4
http://dx.doi.org/10.1016/j.neubiorev.2011.11.009
http://dx.doi.org/10.1016/j.neubiorev.2017.02.003
http://dx.doi.org/10.30773/pi.2017.08.17
http://dx.doi.org/10.1152/ajpheart.2000.278.6.h2039
http://dx.doi.org/10.1209/0295-5075/4/9/004
http://dx.doi.org/10.1186/1475-925X-10-96
http://dx.doi.org/10.1093/ehjci/ehaa946.3476
http://dx.doi.org/10.4324/9780203836170
http://dx.doi.org/10.1007/s11896-014-9142-5
http://dx.doi.org/10.12966/psbr.06.03.2015
http://dx.doi.org/10.1007/978-3-658-26435-2_23
http://dx.doi.org/10.48550/arXiv.2210.01791

Brain & Heart

Automatic cardiac autonomic modulation assessment

41.

42.

43.

44.

45.

46.

47.

Available  from:  https://www.kubios.com/downloads/
kubios_hrv_users_guide.pdf [Last accessed on 2024 Oct
07].

Nunan D, Sandercock GR, Brodie DA. A quantitative
systematic review of normal values for short-term heart
rate variability in healthy adults. Pacing Clin Electrophysiol.
2010;33(11):1407-1417.

doi: 10.1111/j.1540-8159.2010.02841.x

Brennan M, Palaniswami M, Kamen P. Do existing measures of
Poincaré plot geometry reflect nonlinear features of heart rate
variability? IEEE Trans Biomed Eng. 2001;48(11):1342-1347.

doi: 10.1109/10.959330

Baevsky RM, Berseneva AP. Methodical Recommendations-
Use Kardivar System for Determination of the Stress
Level and Estimation of the Body Adaptability-Standards
of Measurements and  Physiological — Interpretation;
Moscow; 2008. Available online: https://www.academia.
edu/35296847/methodical_recommendations_use_
kardivar_system_for_determination_of_the_stress_level
and_estimation_of_the_body_adaptability_standards_
of_measurements_and_physiological_interpretation_
moscow_prague_2008%auto=download [Last accessed on
2024 Oct 07].

Baevsky RM, Chernikova AG. Heart rate variability analysis:
Physiological foundations and main methods. Cardiometry.
2017;(10):66-76.

doi: 10.12710/cardiometry.2017.10.6676

Sahoo TK, Mahapatra A, Ruban N. Stress Index Calculation
and Analysis Based on Heart Rate Variability of ECG Signal
with Arrhythmia. 2019 Innovations in Power and Advanced
Computing Technologies (i-PACT); 2019. p. 1-7.

Ali MK, Liu L, Chen JH, Huizinga JD. Optimizing
autonomic function analysis via heart rate variability
associated with motor activity of the human colon. Front
Physiol. 2021;12:619722.

doi: 10.3389/fphys.2021.619722

World Medical Association. World medical association
declaration of Helsinki: Ethical principles for medical research
involving human subjects. JAMA 1974;353(1):1418-1419.

doi: 10.1001/jama.2013.281053

48.

49.

50.

51.

52.

53.

54.

55.

56.

Lee SG, Song Y Do, Lee EC. Experimental verification
of the possibility of reducing photoplethysmography
measurement time for stress index calculation. Sensors
(Basel). 2023;23(12):5511.

doi: 10.3390/s23125511

Grasso R, Schena E, Gulli G, Cevese A. Does low-frequency
variability of heart period reflect a specific parasympathetic
mechanism? J Auton Nerv Syst. 1997;63(1-2):30-38.

doi: 10.1016/s0165-1838(96)00128-2

Perlitz V, Lambertz M, Cotuk B, et al. Cardiovascular
rhythms in the 0.15-Hz band: Common origin of identical
phenomena in man and dog in the reticular formation of the
brain stem? Pflugers Arch. 2004;448(6):579-591.

doi: 10.1007/s00424-004-1291-4

Brisinda D, Fenici P, Fenici R. Police Realistic tactical training
is not risk-free: Stress-induced wide-QRS paroxysmal
tachyarrhythmia in a healthy police officer and professional
athlete. J Police Crim Psychol. 2024;39(1):93-103.

doi: 10.1007/s11896-023-09616-z

Armour JA. Potential clinical relevance of the “little brain”
on the mammalian heart. Exp Physiol. 2008;93(2):165-176.

doi: 10.1113/expphysiol.2007.041178

Shaffer E, Ginsberg JP. An overview of heart rate variability
metrics and norms. Front Public Heal. 2017;5:258.

doi: 10.3389/fpubh.2017.00258

Porges SW. Polyvagal theory: A science of safety. Front Integr
Neurosci. 2022;16:871227.

doi: 10.3389/fnint.2022.871227

Laborde S, Mosley E, Thayer JF. Heart rate variability
and cardiac vagal tone in psychophysiological research-
recommendations for experiment planning, data analysis,
and data reporting. Front Psychol. 2017;8:213.

doi: 10.3389/fpsyg.2017.00213

Amira T, Dan I, Atta B, Said G, Azeddine B, Katarzyna WW.
Stress level classification using heart rate variability. Adv Sci
Technol Eng Syst. 2019;4(3):38-46.

doi: 10.25046/aj040306

Volume X Issue X (2024)

16

doi: 10.36922/bh.3503


https://dx.doi.org/10.36922/bh.3503
http://dx.doi.org/10.1111/j.1540-8159.2010.02841.x
http://dx.doi.org/10.1109/10.959330
http://dx.doi.org/10.12710/cardiometry.2017.10.6676
http://dx.doi.org/10.3389/fphys.2021.619722
http://dx.doi.org/10.1001/jama.2013.281053
http://dx.doi.org/10.3390/s23125511
http://dx.doi.org/10.1016/s0165-1838(96)00128-2
http://dx.doi.org/10.1007/s00424-004-1291-4
http://dx.doi.org/10.1007/s11896-023-09616-z
http://dx.doi.org/10.1113/expphysiol.2007.041178
http://dx.doi.org/10.3389/fpubh.2017.00258
http://dx.doi.org/10.3389/fnint.2022.871227
http://dx.doi.org/10.3389/fpsyg.2017.00213
http://dx.doi.org/10.25046/aj040306

