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RESEARCH PAPER

Body fat and muscle in relation to heart rate variability in young-to-middle age
men: a cross sectional study

Selma Cvijetica, Jelena Macana, Dario Boschierob and Jasminka Z. Ilichc

aInstitute for Medical Research and Occupational Health, Zagreb, Croatia; bBioTekna Co, Marcon, Venice, Italy; cFlorida State University,
Tallahassee, FL

ABSTRACT
Background: While obesity is recognisably associated with changes in heart rate variability (HRV), the
association between skeletal muscle mass and HRV is less clear.
Aims: In this cross sectional study, we analysed the association of body fat (four parameters) and
muscle mass (five parameters) with indicators of HRV activity.
Subjects and methods: Assessment of body composition and HRV was performed in n¼ 180 young-
to-middle age healthy men exposed to high occupational physical activity, using the multi-frequency
bioelectrical impedance device and the PPG-StressFlowVR HRV photoplethysmography device,
respectively.
Results: Mean values of parameters of fat tissue were above normal/reference values. Muscle tissue
indicators were higher or within the reference ranges. Fat tissue parameters were significantly higher
in participants with lower parasympathetic nervous system (PNS) indicators. Weight-adjusted skeletal
muscle index (wSMI) was significantly lower in men with reduced PNS parameters. Fat tissue parame-
ters were negatively correlated with PNS parameters, while wSMI was positively correlated with PNS
parameters.
Conclusions: Participants with higher fat mass and lower muscle mass had poorer parasympathetic
activity. Since mean values of HRV parameters indicated mild parasympathetic dominance, we con-
clude that physical activity and consequently good muscle mass potentially compensated for the
negative interaction between fat tissue and HRV.
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Introduction

The autonomic nervous system (ANS) regulates a number of
physiological processes and its actions are largely involun-
tary. It is functionally divided into the sympathetic nervous
system (SNS) and parasympathetic nervous system (PNS), act-
ing opposingly to complement each other (Svorc 2018). The
SNS and PNS release neurotransmitters that bind to the
appropriate receptors on the cells, resulting in different bio-
logical effects (McCorry 2007). Both SNS and PNS regulate
heart rate variability (HRV – the variance in time between
heart beats), sending opposing signals for faster or slower
beats, respectively (Svorc 2018). Therefore, HRV is commonly
used as an indicator of ANS activity with sympathetic and
parasympathetic activity modifying the heart rate intervals at
distinct frequencies and in opposing manners (Toki�c 2016;
Shaffer and Ginsberg 2017). The HRV refers to the heart’s
capability to react to various physiological and environmen-
tal influences, with lower HRV generally indicating a poorer
autonomic function and reduced capacity of the body to
deal with different stressors (Tracey 2007; Shaffer and
Ginsberg 2017; Kim et al. 2018).

Experimental and epidemiological studies have shown a
correlation between ANS and body composition, as recently
reviewed (Guarino et al. 2017; Ilich et al. 2020). Most authors
agree that the overall ANS imbalance is connected to the
changes in energy expenditure and consequently in body
composition (Peterson et al. 1988; Chen et al. 2008;
Windham et al. 2012). It has been proposed that SNS has a
major influence on fat metabolism in a way that obesity
could be associated with both elevated or reduced SNS
activity (Davy and Orr 2009). Chronic sympathetic overactiv-
ity is known to be present in central obesity (Messina et al.
2013) and on the other side, the low activity to some regions
(e.g. skeletal muscle and adipose tissue) may be a risk factor
for obesity development (Davy and Orr 2009). This explains
the mostly unfavourable association between obesity and
HRV parameters (Windham et al. 2012).

While most of the research on HRV is focussed on its
association with body fat, less is known about the ANS regu-
lation of HRV regarding muscle tissue. The sympathetic
effects at the muscle level mainly support muscle activity. At
the onset of physical activity, activation of skeletal muscles
inhibits cardiac parasympathetic activity which contributes to
the increase in heart rate (Fisher 2014). However, frequent
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skeletal muscle activity and physical conditioning have bene-
ficial effects on sympathovagal balance by increasing the
parasympathetic component of heart rate variability (Khan
and Sinoway 2000). Both body fat and muscles interact with
and influence each other (Ilich et al. 2014), and each of them
or in combination may be affected by the imbalance of the
ANS. All this indicates that the balance between the SNS and
the PNS is important for stable energy expenditure and a
stable ratio of fat to muscle tissue.

As mentioned before, physical activity and regular training
have been associated with increased parasympathetic activity
and higher total HRV suggesting improved cardiac auto-
nomic regulation (Daniela et al. 2022). Healthy people as
well as cardiac patients showed increased high frequency
(HF), as an indicator of parasympathetic dominance and
decreased low frequency (LF) and LF/HF ratio, as indicators
of sympathetic dominance, after training (Esco and Williford
2013; Besnier et al. 2017). Moreover, higher HRV was found
to be related to greater physical activity (PA) levels in work-
ers (Rennie et al. 2003), and lower work-related stress
(Uusitalo et al. 2011).

Our objective was to analyse the association of each body
composition component with the ANS activity using HRV as
a proxy for ANS activities in a group of healthy, young-to-
middle-age men who were engaged in high occupational
physical activity. Specifically, we wanted to clarify the associ-
ation of body fat and lean/muscle mass with cardiac auto-
nomic control. We hypothesised that participants with higher
muscle mass and lower fat mass will have higher parasympa-
thetic activity. To optimise the biological homogeneity of the
sample and counteract for possible confounders, we
recruited only healthy, young-to-middle age men enrolled in
a high level of occupational activity (namely, the logging
industry). It is expected that in this population any possible
disorders of the ANS could not be the consequence of some
primary diseases. We also hypothesised that good muscle
mass/strength, resulting from continuous physical efforts, can
overcome possible negative effects of excess fat tissue affect-
ing cardiac autonomic modulation, particularly low PNS
activity.

Subjects and methods

Participants and data collection

The study included 180 healthy, male workers employed in
the logging industry exposed to high occupational physical
activity. They had been referred to their annual medical
examination and at that time recruited for body composition
and ANS functions assessment by non-invasive bioimpedance
measurements on a voluntary basis. The study took place
between November 2019 and January 2020 during the par-
ticipants’ medical exams. A total of n¼ 182 workers under-
went a medical examination and only two of them did not
agree to join the study. All participants were interviewed by
the physician, and asked about their medical history, physical
activity and the presence of medically unexplained symp-
toms (MUS), using the questionnaires integrated with the
software of the bioimpedance device. The measurements

were performed by a qualified technician. As per the inclu-
sion criteria only young to middle-aged healthy men with an
elevated level of physical activity were recruited. In order to
warrant that condition, only men who were exposed to a
high level of occupational physical effort and activity (in this
case work in the logging industry) were recruited. The exclu-
sion criteria were the presence of, and therapy for, chronic
diseases (hypertension; diabetes; renal, liver or thyroid dys-
function; conditions related to chronic pain, like chronic
muscle-skeletal diseases). Given that the requirement for
employment and work in the logging industry is good
health, no participant was excluded from the study due to
the exclusion criteria.

The study was performed in accordance with the ethical
standards laid down in the 1964 Helsinki declaration and its
later amendments (World Medical Association 2001). The
study was approved by the Ethics Committee of the Institute
of Medical Research and Occupational Health (No.100-21/18-
10). Signed informed consent was obtained from each
participant.

Physical activity assessment

We used the Physical Activity Rating (PA-R) questionnaire
tool (Jackson et al. 1990), which is incorporated in the
Biotekna software, for assessing and categorising a person’s
level of physical activity. The questionnaire evaluates the
overall level of physical activity for the previous 6months. It
is divided into three parts (questions), which are additionally
subdivided and scored as follows: 1. Does not participate
regularly in programmed recreation, sport, or physical activity
(scores 0 and 1); 2. Participates regularly in recreation or
work requiring modest physical activity (scores 2 and 3); 3.
Participates regularly in heavy physical exercise or engages
in vigorous aerobic type activity (scores 4 to 7). A higher
score means a higher level of physical activity.

Anthropometry and bioimpedance measurements

The measurements of body composition were performed
using a multi-frequency bioelectrical impedance device BIA-
ACCVR (BioTeknaVR , Marcon-Venice, Italy). The BIA-ACCVR uses
algorithms to provide quantitative and qualitative assess-
ments of body composition. Body mass index (BMI; kg/m2)
was calculated from the measured weight and height. Other
parameters of measurement used in this study were body fat
and lean/muscle tissue. Body fat parameters were: fat mass
(FM) expressed as % of total body weight (kg); abdominal
adipose tissue (AAT) (cm2); intramuscular adipose tissue
(IMAT) expressed as % of total body weight (kg).
Lean/muscle tissue parameters were: fat-free mass (FFM) (kg);
skeletal muscle (SM) mass expressed as % of fat-free mass
(kg); S score (standard deviation of skeletal muscle mass with
respect to healthy reference individuals between 25 and
30 years old); and skeletal muscle index (wSMI%) calculated
as SM/body weight � 100. Additionally, we calculated fat
mass index (FMI) (fat mass/height2) and fat-free mass index
(FFMI) (fat-free mass/height2).
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The measurements were performed with participants in a
supine position with legs slightly spread and arms not touch-
ing the body. Two electrodes were placed on the right hand
and two on the right foot. The first set of electrodes was
placed in the area below the heads of the second and third
metacarpal (metatarsal for foot) bone, on the dorsal side of
the hand (foot), and the second set of electrodes was placed
approximately 5 cm more proximal than the first set.

BIA-ACCVR instrument was validated against DXA and the
results have shown strong agreement with both adipose and
lean tissue parameters (Peppa et al. 2017). Clinical validation
of the instrument was also performed in large clinical studies
(Tsigos et al. 2015; Straub et al. 2017). We performed add-
itional validation against the OMRON scale (Omron BF511,
OMRON Healthcare Europe B.V.). Validity was assessed using
Pearson’s correlation coefficient (r) (FM%: r¼ 0.924; p< 0.001;
AAT: r¼ 0.883; p< 0.001; SM%: r¼ 0.436; p< 0.001). Technical
details about variable estimation by the instrument, including
total body water, extracellular water, fat-free mass and skel-
etal muscle mass have already been reported (Tsigos et al.
2015).

Remaining variables are estimated on the basis of an
algorithm developed by BioTekna srl. (Venice, Italy) (BioTekna
algorithm (2011) Boschiero, D-R&D Group BioTekna Inc.,
Marcon, Venezia, Italy).

The PPG-StressFlowVR HRV photoplethysmography device
was used to determine the number of parameters to evalu-
ate the physiological activity of the ANS and HRV and
includes time-domain and frequency-domain indices. Time-
domain indices of HRV quantify the amount of variability in
measurements of the inter-beat interval and they include:
standard deviation of the heart beat-to-beat interval (SDNN;
signifying the overall health of ANS) and root mean square
of the differences between adjacent heart beat intervals
(RMSSD; expressing the vagal component of PNS).
Frequency-domain measurements estimate the distribution
of absolute or relative power into different frequency bands:
high frequencies (HF) power (0.15–0.5 Hz) and low frequen-
cies (LF) power (0.05–0.15Hz). LF reflects the dominance of
the SNS, HF reflects the dominance of the PNS, and the
LF/HF ratio is considered to be an index of sympathetic-para-
sympathetic balance of cardiac work (Shaffer and Ginsberg
2017). LF, HF, SDDN and RMSSD are standard parameters for
evaluating heart rate variability. These parameters are also
commonly used in analysing associations of body compos-
ition or physical activities with HRV (ANS). They represent
PNS activity (SDDN; RMSSD; HF), partial SNS activity (LF) and
balance between SNS and PNS (LF/HF).

To obtain ANS tests, each participant was sitting in a
relaxed position with two sensors attached to the tips of the
second fingers of the hands. All measurements were per-
formed in the morning and during the fasting condition.

The algorithms for HRV estimates using the PPG-
StressFlow instrument were developed based on the previ-
ous literature (Task Force of the European Society of
Cardiology and the North American Society of Pacing and
Electrophysiology. 1996; Varon et al. 2012; Zong et al. 2003)
and are the proprietary rights of BioTekna srl. Additionally,

other studies have found that photoplethysmography (PPG-
StressFlow) had sufficient accuracy for estimating HRV
(Budidha and Kyriacou 2019; Kimmel et al. 2021).

Statistical analysis

The results are shown as mean± standard deviation for con-
tinuous variables and as percentages for categorical varia-
bles. The distribution of variables was tested using the
Kolmogorov-Smirnov test. Since most HRV variables were not
normally distributed, the non-parametric functions were used
in data analyses. The differences between two independent
variables were tested using the Mann-Whitney test. The rela-
tionship between two variables was tested with Spearman’s
correlation. Multiple regression was performed separately
with each HRV variable (LF, HF, SDNN and RMSSD) as the
dependent variable and with body composition variables as
predictors and controlled by age. The calculations were per-
formed with the Statistica, 13.0 (Dell Inc, Tulsa, OK) and JMP,
Pro 14.0 (SAS Institute Inc., Cary, NC). The level of signifi-
cance was set at p< 0.05.

A diagram of measurements in participants is shown in
Figure 1.

Results

A total of n¼ 180 men with mean age of 31.4 ± 6.7 years
(range: 20-49 years) participated in the study. The whole
study group was uniform according to race, ethnicity and
education (of European descent, Croatian citizens, with fin-
ished secondary school). The mean duration of working in
the logging industry was 5.6 ± 2.7 years. During their working
hours they cut wood, carry and stack large pieces of trees.
Participants reported no history of any serious chronic dis-
ease (cardiovascular, diabetes, cancer), the majority were
smokers (70.5%) and almost all (98.3%) declared no presence
of MUS. Out of 180 respondents, 176 (97.7%) categorised
their level of physical activity as a score of 7 (“Runs more
than 10 miles per week or spends more than 3 h per week in
comparable physical activity”).

According to the BMI categories, 33.4% of participants
were in the normal-weight category, 36.6% were overweight
and 30.0% were with obesity. BMI �30 kg/m2 was categor-
ised as obesity, 25� BMI <29.9 kg/m2 as overweight and
18� BMI <24.9 kg/m2 as normal weight ([WHO] World
Health Organization 2010). However, based on the BIA ana-
lysis, almost all participants (93.3%) had high FM (>25%) and
91.7% of them had high FMI. Only a small number had low
skeletal muscle mass (7.2%). Mean values for FM%, FMI, AAT
and IMAT% were above normal/reference values (Table 1).
Only 7 (3.8%) participants were within the recommended val-
ues for IMAT (<1.5). Almost half of the participants (47.2%)
had high abdominal adipose tissue area (AAT). Mean FFM%
and FFMI were below, while mean SM% was above, normal
values. According to wSMI, 12 men (6.7%) were categorised
as having mild sarcopenia or presarcopenia. Thirteen partici-
pants (7.2%) had an S score lower than �1. However, 20
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men (11.1%) had high muscle mass (S score > 2.0 and/or
wSMI > 34).

Mean values of HRV parameters were normal (Table 2),
although the time domain parameters were above reference
values, indicating mild parasympathetic dominance. Low HF
(< 5) was found in 22 (12.2%) participants, while low LF was
found only in 2 (1.1%) participants.

Separate analyses of body composition parameters were
conducted in participants based on frequency and time
domain HRV values (Tables 3 and 4 and Figure 2). FMI and
AAT were significantly higher in participants with low HF
compared to those with normal HF (p< 0.001). FFMI and
wSMI were significantly higher in participants with normal
HF compared to those with lower HF (p¼ 0.021 and
p< 0.001, respectively). wSMI was also significantly higher in
participants with normal LH compared to those with high LF
(p< 0.001) (Table 3). Similar differences were found based on
time domain values. Fat tissue parameters were high in par-
ticipants with low SSDN and RMSSD. wSMI was significantly
lower in men with lower SSDN and RMSSD (Table 4).

All fat tissue parameters (FM%, FMI, AAT and IMAT%)
were significantly and mostly negatively correlated with all
HRV parameters. When analysing fat-free parameters, signifi-
cant positive correlation was found between wSMI and all

Figure 1. Procedures with participants.

Table 1. Age and body composition parameters in participants (N¼ 180).

Variable Mean±SD Min–Max
Reference
Values

Age (y) 31.4 ± 6.7 20–49
BMI (kg/m2) 28.2 ± 4.4 19.4–47.4 18–25
FM% (% of body weight) 34.5 ± 5.9 20–51 12–30%
FMI (kg/m2) 9.9 ± 3.2 3.8–24.3 3-6
AAT (cm2) 563.7 ± 207.4 196.0–1289.8 �460.0
IMAT% (% of body weight) 2.3 ± 0.4 0.2–3.1 <2%
FFM% (% of body weight) 65.5 ± 5.9 49–80 �75%
FFMI (kg/m2) 18.2 ± 18.0 15.4–23.2 �20
SM (% of FFM) 42.0 ± 2.5 36.7–49.3 >35%
S score 0.54 ± 1.08 �1.5–4.1 ��1
wSMI (%) 27.4 ± 1.8 24–36 �25

BMI: body mass index; FM: fat mass; FMI: fat mass index; AT: adipose tissue;
AAT: abdominal adipose tissue; IMAT: intramuscular adipose tissue; FFM: fat
free mass; FFMI: fat free mass index; SM: skeletal muscle; S score (standard
deviation of skeletal muscle mass with respect to healthy reference individuals
between 25 and 30 years old); wSMI: skeletal muscle index.

Table 2. Heart rate variability (HRV) assessment in participants (N¼ 180).

Variable Mean Min-Max Reference values

Frequency domain
LF power (Hz) 6.7 ± 0.9 4.3-9.6 min. 6.7
HF power (Hz) 6.4 ± 1.2 3.3-10.6 min. 6.5
LF/HF ratio 1.8 ± 1.5 0.3-8.4

Time domain
SDNN (msec.) 63.5 ± 30.8 18-264 min. 50
RMSSD (msec.) 47.7 ± 37.9 8-360 min. 30

LF: low frequency; HF: high frequency; SDNN: standard deviation of the heart
beat-to-beat interval record; RMSSD: root mean square of the differences
between adjacent heartbeat intervals.

Table 3. Body composition parameters by HRV time domain parameters.

LF HF

Variables
Normal
(N 93)

High
(N 87) pa

Normal
(N 115)

Low
(N 65) pa

Fat tissue parameters
FMI 9.5 10.4 n.s. 9.0 10.9 <0.001
AAT (cm2) 533.5 596.2 n.s. 499.9 624.0 <0.001
IMAT% 228 237 n.s. 2.30 2.37 n.s.

Lean tissue parameters
FFMI 18.2 18.3 n.s. 18.0 18.5 0.021
SM% 42.0 42.0 n.s. 41.7 42.3 n.s.
S score 0.50 0.58 n.s. 0.35 0.70 n.s.
wSMI 27.8 27.0 0.013 28.0 26.8 <0.001

aMann-Whitney test.
LF: low frequency; HF: high frequency; FM: fat mass (% of body weight); FMI:
fat mass index; AAT: abdominal adipose tissue; IMAT: intramuscular adipose
tissue (% of body weight); FFMI: fat free mass index; SM: skeletal muscle (%
of fat free mass); S score: (standard deviation of skeletal muscle mass with
respect to healthy reference individuals between 25 and 30 years old); wSMI:
skeletal muscle index.
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Table 4. Body composition parameters by HRV time-frequency parameters.

SDNN RMSSD

Variables
Normal
(N 115)

Low
(N 65) pa

Normal
(N 122)

Low
(N 56) pa

Fat tissue parameters
FMI 9.5 10.8 0.011 9.5 10.9 0.007
AAT (cm2) 529.3 624.8 0.002 499.9 624.0 0.008
IMAT% 228 2.37 n.s. 2.30 2.37 <0.001

Lean tissue parameters
FFMI 18.1 18.4 n.s. 18.2 18.3 n.s.
SM% 41.8 42.3 n.s. 41.7 42.3 n.s.
S score 0.46 0.68 n.s. 0.35 0.70 n.s.
wSMI 27.7 26.8 0.002 28.0 26.8 <0.001

aMann-Whitney test.
SDNN: standard deviation of the heart beat-to-beat interval record; RMSSD:
root mean square of the successive differences between adjacent heartbeat
intervals; FM: fat mass (% of body weight); FMI: fat mass index; AAT: abdom-
inal adipose tissue; IMAT: intramuscular adipose tissue (% of body weight);
FFMI: fat free mass index; SM: skeletal muscle (% of fat free mass); S score:
(standard deviation of skeletal muscle mass with respect to healthy reference
individuals between 25 and 30 years old); wSMI: skeletal muscle index.

Figure 2. Difference in AAT between participants with normal and decreased HF, SDNN and RMSSD. AAT: abdominal adipose tissue; HF: high frequency; SDNN:
standard deviation of the heart beat-to-beat interval record; RMSSD: root mean square of the differences between adjacent heartbeat intervals.

Table 5. Correlation coefficients (Spearman) between HRV and body compos-
ition parameters.

SDNN RMSSD LF HF LF/HF

FM% �0.30� 0.31� �0.32� �0.32� �0.19�
FMI �0.28� �0.29� �0.30� �0.32� �0.17�
AAT (cm2) �0.29� �0.30� �0.26� �0.31� 0.20�
IMAT% �0.19� �0.22� �0.20� �0.37� 0.09
FFMI �0.14 �0.11 �0.12 �0.17 �0.01
SM% �0.09 �0.06 �0.07 �0.06 0.02
S score �0.11 �0.10 �0.10 0.10 0.05
wSMI 0.35� 0.40� 0.39� 0.39� 0.27�
�Significant correlation, p< 0.05.
SDNN: standard deviation of the heart beat-to-beat interval record; RMSSD :
root mean square of the successive differences between adjacent heartbeat
intervals; LF: low frequency; HF: high frequency; FM: fat mass (% of body
weight); FMI: fat mass index; AAT: abdominal adipose tissue; IMAT: intramus-
cular adipose tissue (% of body weight); FFMI: fat free mass index; SM: skel-
etal muscle (% of fat free mass); S score: (standard deviation of skeletal
muscle mass with respect to healthy reference individuals between 25 and
30 years old); wSMI: skeletal muscle index.

Figure 3. Correlation between HF and FMI. HF: high frequency; FMI: fat mass index.
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HRV parameters (Table 5 and Figures 3 and 4). Other body
composition parameters were also negatively correlated with
HRV; however, those correlations were not significant.

Multiple regression analysis was applied separately for
each HRV parameter as the dependent variable, with all
body composition variables as predictors. By controlling with
age, the results showed significant positive association
between wSMI and SDNN (p¼ 0.041) and between wSMI and
HF (p¼ 0.038) (Table 6). Other HRV parameters were not sig-
nificantly associated with any of the body composition
parameters.

Discussion

Utilising bioimpedance technology, we determined the
parameters of fat and muscle tissue and related them with
the parameters of HRV. For each body composition compo-
nent, we used four HRV parameters to assess their

associations. Our results showed better HRV in subjects with
normal body fat parameters (expressed as FMI, IMAT% and
AAT) compared to those with high values of fat parameters.
Fat tissue parameters were higher in participants in whom
LF as an indicator of sympathetic modulation of ANS was
higher, and in whom HF and time domain (SDNN, RMSSD)
parameters were lower, implicating that abdominal obesity is
pathophysiologically related to vagal withdrawal and sympa-
thetic overactivity (Chen et al. 2008; El-Salamony et al. 2014).
The results regarding the association of the sympathetic sys-
tem with obesity are contradictory since some studies show
higher activity (Hillebrand et al. 2014; Yadav et al. 2017;
Soumya et al. 2022) and others lower (Millis et al. 2010,
Windham et al. 2012). One postulate was due to the activity
of leptin secreted by fat cells. Leptin is responsible for acti-
vating the neural pathways that increase SNS activity
(Brydon et al. 2008). Other findings of a negative correlation
between the percentage of body fat and sympathetic modu-
lation suggest physiological adaptations that limit lipolysis
and/or adipokinesis and favour greater adiposity (Millis et al.
2009). As Triggiani et al. (2017) proposed, it can be assumed
that the adaptive flexibility of autonomic cardiac function is
generally reduced in individuals with obesity. This could
explain conflicting results about the nature of autonomic
activity in individuals with obesity.

Some studies have shown that central (abdominal) adi-
posity (not overall adiposity), accounts for obesity-related
autonomic dysfunction (Poliakova et al. 2012; Windham et al.
2012), but we did not confirm those findings. In our study,
total fat mass, along with FMI, and visceral and intramuscular
fat, were negatively associated with HRV. Correlation analyses
confirmed that lower levels of markers for adiposity and
higher muscle mass predict higher levels of HRV in this
population. The HRV parameters were also better in partici-
pants with higher muscle/lean mass compared to those with

Figure 4. Correlation between HF and wSMI. HF: high frequency; wSMI: skeletal mass index.

Table 6. Multiple regressions of HRV parameters as dependent variables and
body composition parameters as predictors.

SDNN RMSSD LF HF LF/HF

R2 �0.169 0.144 0.172� �0.204� 0.079

Predictors Regression coefficient

Age �0.63 �0.76 �0.02� �0.04� 0.02
FMI 9.08 7.79 �0.24 0.33 �0.21
AAT �0.07 �0.06 �0.01 �0.01 �0.01
IMAT% �5.00 �6.38 �0.14 �0.17 �0.17
FFMI �7.27 �0.81 �0.24 �0.21 0.145
S score �6.07 �12.91 0.80 0.33 0.70
wSMI 8.13� 8.50 0.10 0.31� �0.31
�Significant correlation, p< 0.05.
SDNN: standard deviation of the heart beat-to-beat interval record; RMSSD:
root mean square of the successive differences between adjacent heartbeat
intervals; LF: low frequency; HF: high frequency; FMI: fat mass index; AAT:
abdominal adipose tissue; FFMI: fat free mass index; S score (standard devi-
ation of skeletal muscle mass with respect to healthy reference individuals
between 25 and 30 years old); wSMI: skeletal muscle index.
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lower values, although only one parameter (wSMI) showed a
strong association, indicating that the overall and central
obesity more significantly impaired cardiac autonomic bal-
ance compared to lean tissue, although the latter two
showed some benefits.

According to the BMI categories, the majority of our par-
ticipants (>66%) were overweight or with obesity and based
on BIA measurements, most (>90%) had higher than normal
percentage of fat tissue and high FMI. This was unexpected
considering their relatively younger age and high occupa-
tional physical activity; they were involved in heavy physical
work on a daily basis, and they had a high muscle mass.
Although it would be expected that muscular individuals
with high BMI, such as athletes, have muscle weight higher
than body fat weight, that was not confirmed in our partici-
pants. Their skeletal muscle tissue accounted for 27.5%, while
the fat tissue accounted for 34.5% of the total body mass.
Therefore, some other factors contributed to their over-
weight/obesity, possibly unhealthy nutritional and lifestyle
habits.

Generally, during exercise, the SNS is activated in order to
maintain adequate blood pressure and blood flow to the
level required by the cardiac output (Bishop 2004;
Charkoudian and Rabbitts 2009). However, regular physical
activity may reduce sympathetic outflow (Charkoudian and
Rabbitts 2019) and autonomic mechanisms like HRV can be
improved, which was also reflected in our study participants
presenting with higher mean values of SDNN and RMSSD.
This suggests that the impact of physical activity on balanc-
ing ANS in our participants was potentially beneficial, offset-
ting any unfavourable effects of higher fat mass or obesity.
Although occupational physical activity in some instances
may exceed the physical capabilities of an individual and
cause some unfavourable consequences on health (Dalene
et al. 2021), our results are consistent with those showing
health benefits for individuals engaging in high versus low
occupational physical activities (Hu et al. 2005; Probert et al.
2008; Cillekens et al. 2020). Park et al. showed that moderate
aerobic exercise can improve ANS function and prevent and
treat obesity (Park et al. 2020), which suggested that physical
activity significantly predicted greater indices of heart rate
variability (May et al. 2017) and that regular physical exercise
has strong beneficial effects on cardiac autonomic nervous
function and thus appears to offset the negative effect of
obesity on HRV (Felber Dietrich et al. 2008).

Limited data are available regarding the association of
ANS and lean tissue. For example, there are only a few stud-
ies examining skeletal muscle mass (Millis et al. 2010; El-
Salamony et al. 2014; Jasrotia et al. 2019) or fat-free mass
(FFM) (Saecheea et al. 2019) reporting positive associations
of SDNN and RMSSD as indicators of parasympathetic ner-
vous activity with skeletal muscle mass. Those findings were
corroborated in our study, but with a different indicator -
wSMI, which is a diagnostic parameter for sarcopenia and
reflects the skeletal muscle mass of the extremities adjusted
for weight (Lim et al. 2010). Studies investigating the impact
of muscle mass on ANS are usually aimed to analyse the
association with exercise and physical activity, which

presumably contributes to muscle mass gain (Esco and
Williford 2013; Vaz et al. 2014; Besnier et al. 2017; Inthachai
et al. 2020). Some of these studies were focussed on the
physical exertion of lower limbs, which resulted in improve-
ment of the vagal modulation of the heart rate (Heffernan
et al. 2007), whereas whole-body training had no effect on
HRV (Hu et al. 2005). That is consistent with our results, since
wSMI is an indicator of muscle strength in extremities and
was related to HRV. Although there are differences among
authors regarding which HRV indices adequately present
sympathetic and parasympathetic activity, there is a general
opinion that physical activity has a beneficial effect on the
stability of the autonomic system (Andrew et al. 2013; Chen
et al. 2019). Therefore, as speculated, long-term physical
activity in our participants might have potentially led to
physiological adaptations, including higher parasympathetic
activity and HRV.

There are some limitations to our study. It was of a cross-
sectional design, thus the cause–effect relationship between
HRV and body composition could not be established.
Additionally, the participants were relatively young adult
males, therefore, the findings could not be generalised to
women and other age groups. Moreover, our participants
were mostly healthy individuals, so our observations could
not be generalised to individuals with poorer health.
However, having a uniformed sample of biological, sex, and
physical activity participants (all healthy males exposed to
high occupational activity) makes it more applicable to this
particular segment of the population, otherwise rarely inves-
tigated in clinical studies; they are assumed to be healthy
and without problems. The results can serve as an example
of the influence of occupational or any other regular physical
activity in offsetting the influence of relatively unfavourable
fat tissue parameters regarding ANS activities. Another limita-
tion is a lack of data about participants’ socioeconomic sta-
tus, an important predictor of lifestyle habits. However, all
participants were employed in a state-owned company
(Croatian Forest Industry) and their salaries were similar –
which put them to the lower middle class. Additionally, all
had finished middle school education. Another limitation is
that HRV was not measured using an electrocardiogram or
HR monitor.

We need to point out that the coefficients of correlation
and regression in our study are low, despite their statistical
significance. We believe that parameters which influence
ANS in healthy people, like hormonal disbalance, stress,
and lifestyle habits (not analysed in this study) are prob-
ably more influential in explaining HRV variability than
body composition.

We used the bioimpedance technique for assessing body
composition. While some other devices, e.g. DXA, MRI or CT,
could provide more accurate results, they are typically more
invasive, more expensive, or not available to many research-
ers. Moreover, the BIA-based instruments are non-invasive,
portable, widely available, and many studies were performed
utilising them.

Our results are consistent and in agreement with the gen-
eral assumption of associations between body composition
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and HRV in which high-fat mass and low muscle mass are
associated with lower PNS activity parameters. We also indi-
cate that many authors have questioned the positive associ-
ation of cardiac sympathetic activity with LF power,
suggesting that the HRV power spectrum is mostly influ-
enced by the parasympathetic system. Although many stud-
ies have used LF as a measure of both sympathetic and
para-sympathetic activity (Millis et al. 2010; El-Salamony et al.
2014; Izumi et al. 2016; Jasrotia et al. 2019; Park et al. 2020),
the clinical significance of connections between cardiac sym-
pathetic activity and LF indices should be interpreted with
caution. Continuing research by aiming for the validation of
HRV indices will be necessary for the future.

Conclusions

This study was designed to analyse the association of ANS
parameters with body fat and muscle tissue. Most of the par-
ticipants were overweight and with obesity, but they were
physically active and had good muscle mass parameters.
Moreover, the mean values of parameters reflecting HRV
were normal. Using different analyses and different parame-
ters of both body composition and HRV, the results showed
a significant association of high-fat mass, as well as reduced
muscle mass with lower parasympathetic activity. Our study
shows the importance of measuring HRV in younger healthy
individuals and assessing the possible cardiometabolic risks,
especially in those with altered body composition.
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