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A B S T R A C T

The peripheral autonomic nervous system (ANS) adjusts the heart rate (HR) to intrinsic and extrinsic demands. It is controlled by a group of functionally connected
brain regions assembling the so-called central autonomic network (CAN). More specifically, forebrain cortical regions, limbic and brainstem structures within the CAN
have been identified as important components of circuits involved in HR regulation. The present study aimed to investigate whether functional connectivity (FC)
between these regions varies in subjects with different heart rates. Thus, 84 healthy subjects were separated according to their HR in slow, medium and fast. We
observed a direct association between HR and FC in CAN regions, where stronger FC was related to slower HR. This relationship, however, is non-linear, follows an
exponential course and is not restricted to CAN areas only. The network-based analysis (NBS) using time series from 262 independent anatomical ROIs revealed
significantly increased functional connectivity in subjects with slow HR compared to subjects with fast HR mainly in regions being part of the salience network, but
also of the default-mode network. We additionally simulated the effect of aliasing on the functional connectivity using several TRs and heart rates to exclude the
possibility that FC differences might be due to different aliasing effects in the data. The result of the simulation indicated that aliasing cannot explain our findings.

Thus, present results imply a functionally meaningful coupling between FC and HR that need to be accounted for in future studies. Moreover, given the established
link between HR and emotional, cognitive and social processes, present findings may also be considered to explain individual differences in brain activation or
connectivity when using corresponding paradigms in the MR scanner to investigate such processes.
1. Introduction

The activity of the heart, despite being equipped with intrinsic
automaticity, is influenced by almost all the other organs of the body.
Body signals shape the workload of the heart in order to meet changing
needs of the entire organism. The two peripheral branches of the ANS,
the parasympathetic and the sympathetic system, modulate the intrinsic
activity of the cardiac pacemaker cells in the sinoatrial node. While the
parasympathetic or vagal activity reducing energy expenditure is
anabolic and health promoting, the sympathetic branch is needed for an
adequate stress response. Thus, the heart rate and its variability mirror
the resulting homeostasis of an organism influenced by physical as well
as by psychological variables in a certain environment. It is therefore
conceivable that a complex system is needed to orchestrate the auto-
nomic function of the body to meet all internal and external needs. Based
on animal experiments, Benarroch coined the term “central autonomic
network” (CAN) in 1993 in order to describe a group of forebrain, limbic
and brainstem regions involved in the generation of an adequate
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autonomic functional state (Benarroch, 1993).
In 2000, Thayer and colleagues developed the Neurovisceral Inte-

gration Model to provide a theoretical framework linking cardiac regu-
lation through activation of the CAN to cognitive and emotional states. It
comprises not only central autonomic nuclei within the brainstem or
limbic structures, i.e. insula or amygdala, but moreover also cortico-
limbic structures including the cingulate cortex and the ventromedial
prefrontal cortex (VMPFC) (Thayer and Lane, 2000).

These brain regions, especially the VMPFC, exerts top-down control
on the responses of subcortical structures, i.e. cingulate and anterior
insular cortices together with the amygdala, which form an inter-
connected network and modulate the activity of subcortical/brainstem
downstream regions, i.e. periaqueductal gray, hypothalamus and brain-
stem nuclei. These latter regions, in turn, finalize the autonomic output to
the body by modulating the parasympathetic/sympathetic balance.

In support of this model, we identified in a previous meta-analysis of
various neuroimaging studies on central regulation of the ANS, anterior
(ACC) and midcingulate cortices (MCC), anterior insula (aI), VMPFC,
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mediodorsal thalamus, amygdala, hippocampus, and hypothalamus as
central brain areas involved in ANS control (Beissner et al., 2013). This
meta-analysis also revealed that sympathetic regulation mainly involves
the prefrontal cortex, the ACC and MCC, the posterior insula, whereas
parasympathetic regulation comprises rather the posterior cingulate
(PCC) and lateral temporal cortices, and the hippocampus. AI and
amygdala seem to be involved in both vagal and sympathetic control of
autonomic function. Similarly, Shoemaker et al. (2015) described in their
review on neural correlates of cardiovascular responses to exercise a
cortico-limbic network, including VMPFC, dorsal ACC (dACC), amyg-
dala, insula, and the hippocampus. In the meta-analysis by Thayer et al.
(2012), the authors established a link between mainly amygdala and
VMPFC activation during several cognitive as well as affective paradigms
and the heart rate or its changes in variability (HRV). Taken together, all
these functional neuroimaging studies provide a convincing basis that
neural activity in the cortico-limbic regions is associated with autonomic
cardiovascular regulation.

Analysis of functional connectivity (FC) of resting-state functional
Magnetic Resonance Imaging (rs-fMRI) datasets is an established,
powerful means to reveal the FC of a specific brain region or the network
architecture (Biswal et al., 1995; Greicius et al., 2003). In this context, FC
may help to uncover valuable information about brain correlates un-
derlying heart rate regulation (Kumral et al., 2018; Sakaki et al., 2016).
However, when studying the relationship between physiological mea-
sures such as heart rate and the fMRI signal, it is important to properly
correct the fMRI data time series with respect to physiological noise. For
instance, cardiac processes affect both the pulsation of blood and cere-
brospinal fluid (CSF), which may result in artifacts near ventricles, sulci,
and large vessels (Dagli et al., 1999; Glover et al., 2000). There is also
growing evidence that fluctuations in the functions of the ANS, i.e.
respiration and HR, strongly covary with the BOLD signal (Birn et al.,
2006; Bright and Murphy, 2015; Chang et al., 2013; Iacovella and Has-
son, 2011; Lund et al., 2006). Thus, it is important to separate physio-
logical noise in form of respiratory and cardiac-rate related fluctuations
from the neuronal-activity-related fluctuations associated with the ANS.
Furthermore, undesired effects regarding differences in functional con-
nectivity between groups with varying heart rates may occur, when using
sampling rates determined by the repetition time (TR) of the MR imaging
sequence that are lower than the Nyqvist frequency of the physiological
signal. In such cases, the cardiac signal could alias into the low-frequency
BOLD range and thus impact functional connectivity (Bhattacharyya and
Lowe, 2004; Lowe, 1999; Tong et al., 2011).

Based on previous studies linking heart rate to CAN activity (Beissner
et al., 2013; Thayer et al., 2012; Thayer and Lane, 2009, 2000), there is
strong evidence to assume that different heart rates can be associated
with changes in the functional coupling between CAN regions. Thus, the
main goal of the present study was to investigate whether healthy young
subjects, who were divided into groups according to their heart rate,
exhibit differences in the resting state functional connectivity (RSFC)
pattern between specific regions of the CAN. In the first step, we applied a
region-of-interest (ROI) approach, focusing on differences between
groups in whole brain RSFC, while using cortico-limbic ROIs of the CAN,
i.e. amygdala, aI, and VMPFC, as seed regions. We selected these three
regions as seed regions because, as mentioned before, amygdala and aI
have been showed to be simultaneously involved in both vagal and
sympathetic control, and therefore are essential for heart rate regulation.
VMPFC, on the other hand, exerts top-down control on these subcortical
structures and accompanying behavioral and physiological responses
(Thayer et al., 2012).

Furthermore, previous studies indicated the central role of selected
ROIs in emotion regulation or self-control (Mather and Thayer, 2018),
serving as common units for regulating cardiac and affective states.

In the second step, and to circumvent some limitations associated
with an ROI-based approach, we applied a recently developed statistical
method called network-based statistic (NBS) to examine potential group
differences in the whole brain network connectivity (Zalesky et al.,
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2010). Due to the central role of the insula and the amygdala within the
brain's salience network (Menon, 2015) and of the VMPFC within the
so-called default mode network (Buckner et al., 2008), we additionally
expected to find differences in the FC within these networks related to
differences in heart rate. Finally, since fMRI data were acquired with a
standard TR of 2.5s, we additionally examined potential confounding
effects caused by aliasing using simulated cardiac and fMRI signals at
different heart rates and sampling frequencies.

2. Methods

2.1. Participants

84 healthy young subjects recruited from the local university com-
munity participated in the present study (age mean (M)¼ 31.58 yrs,
SD¼ 10.76 yrs, 43 females). We formed three groups, each comprising
28 individuals, based on the mean heart rate as assessed by the MR
scanner. The first group was restricted to HR< 60 bpm (M¼ 54.74 bpm,
SD¼ 3.93 bpm) and referred here as “SLOW-HR” (SHR). The second
group was defined by the range 60 bpm<HR< 75 bpm (M¼ 66.87 bpm,
SD¼ 3.51 bpm) and called “MEDIUM-HR” (MHR). Finally, we defined a
“FAST-HR” (FHR) group with HR> 75bpm (M¼ 81.21 bpm, SD¼ 6.21
bpm). The groups did not significantly differ regarding age or gender.

Informed written consent was obtained in accordance with the pro-
tocols approved by the local Ethics Committee and all subjects received
an allowance of 10 Euro in return for their participation.

2.2. fMRI data acquisition

The data were collected on a 3T whole body system equipped with a
12-element head matrix coil (MAGNETOM TIM Trio, Siemens). The
whole measurement consisted of a resting state scan followed by a high-
resolution anatomical scan. Participants were instructed to keep their
eyes closed during the whole measurement and to move as little as
possible. T2*- weighted images were obtained using a gradient-echo EPI
sequence accelerated by parallel imaging using GRAPPA (TR ¼ 2520 ms,
TE ¼ 30 ms, FA ¼ 90�, inter-slice gap ¼ 0.625 mm, GRAPPA factor ¼ 2)
with 45 contiguous transverse slices of 2.5 mm thickness covering the
entire brain and including the lower brainstem. The matrix size was 88�
84 pixels with an in-plane resolution of 2.5 � 2.5 mm2. A series of 240
whole-brain volume sets was acquired in one session. High-resolution
anatomical T1-weighted volume scans (MPRAGE) were obtained in
sagittal slice orientation (TR¼ 2300ms, TE¼ 3.03ms, TI¼ 900ms,
FA¼ 9�, acquisition matrix¼ 256� 256 x 192, acceleration factor
PAT¼ 2) with an isotropic resolution of 1mm3.

2.3. Physiological recordings and analyses

During the fMRI data acquisition, respiratory and cardiac signals
(PPG) were simultaneously recorded using an MR-compatible BIOPAC
MP150 polygraph (BIOPAC Systems Inc., Goleta, CA, USA) and digitized
at 500Hz. Respiratory activity was assessed by a strain gauge transducer
incorporated in a belt tied around the chest, approximately at the level of
the processus xiphoideus. The optical pulse sensor was attached to the
proximal phalanx of the index finger of the subject's left hand. Each PPG
recording was inspected for potential errors in the automatic PPG pulse
detection routine. For instance, some movement artifacts might be
erroneously identified as pulse waves. These errors were manually cor-
rected by an expert (A.S.), who has longstanding experiences with pre-
processing of physiological data. On average, less than 2% of the PPG
pulses per subject were manually corrected. Inter-beat-interval (IBI) time
series, based on the RR intervals, were derived from the PPG signal.
Finally, mean subject's HRwas computed as the inverse of the average IBI
series and scaled to the unit beats-per-minute.

Skin conductance was measured continuously (constant voltage
technique) at the left hand's palm with Ag/AgCl electrodes placed at the
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thenar and hypothenar eminence. The signal was amplified below 10Hz,
median filtered (150 samples) and temporally smoothed (250 samples) to
reduce the influence of noise. Skin conductance changes are mainly
dependent on the activity of sweat glands innervated by the sympathetic
system and can be used to index sympathetic arousal (Bach et al., 2010).
As shown by previous studies (Deco et al., 2014; Patterson et al., 2002;
Tagliazucchi and Laufs, 2014), changes in arousal may modulate
neuronal activity in several brain areas and should be especially
considered during the passive resting state investigation. The BOLD
signal variability due to differences in the arousal may further confound
the significance of the studied functional networks. Thus, we assessed
sympathetic skin responses to control for the arousal level of all partic-
ipants (Bach et al., 2010). We estimated the overall level of the skin
conductance (SLC) by averaging the skin conductance signal. Sponta-
neous skin conductance fluctuations (SCF) were identified by a pattern
matching algorithm using the characteristic shape of an SCF described
mathematically by Lim and colleagues (Lim et al., 1997). This approach
is robust in the presence of noise and less dependent on the individual
electrode contact resistance than other threshold-based approaches
(Boucsein, 1992; Lim et al., 1997).

2.4. Resting state fMRI preprocessing

Data preprocessing was performed using AFNI (https://afni.nimh.nih
.gov/) and SPM12 (http://www.fil.ion.ucl.ac.uk/spm). The first five
images were discarded allowing magnetization to reach a steady state.
Prior to preprocessing, a state-of-the-art physiological noise correction
was carried out. The model included four regressors to reduce artifacts
synchronized with the respiratory cycle (Glover et al., 2000) and five
respiration volumes per time (RVT) regressors that model slow blood
oxygenation level fluctuations (Birn et al., 2008; Chang et al., 2009). The
RVT regressors consisted of the RVT function and four delayed terms at 5,
10, 15, and 20 s (Birn et al., 2008). All regressors were generated on a
slice-wise basis by AFNI's RetroTS.m script (Jo et al., 2010).

Further preprocessing included slice timing correction with Fourier
interpolation and realignment to the first EPI volume using a rigid body
transformation. It was ensured that head movement was below 3mm and
3� for each participant. Additional preprocessing steps were (i) removal
of linear and quadratic trends and of several sources of variance, i.e.,
head-motion parameters, CSF and white matter signal, (ii) temporal
band-pass filtering, retaining frequencies in the 0.01–0.1 Hz band, and
(iii) spatial smoothing using a Gaussian kernel of full-width half
maximum of 6mm. An optimized cardiac response function (CRF) with
respect to the subject's HR (de la Cruz et al., 2017) was additionally
included as a nuisance covariate to model low-frequency HR fluctuations.
Extra-cerebral tissue was removed from the anatomical images using
ROBEX (Iglesias et al., 2011), a learning-based brain extraction method
trained on manually “skull-stripped” data from healthy subjects. These
skull-stripped brains were aligned to the standard MNI 2-mm brain.
Finally, functional images were registered to anatomical data and
normalized to the MNI space by applying transformation parameters
derived from the anatomical to MNI registration.

2.5. Regions of interest and functional connectivity analyses

Based on our hypothesis, five ROIs - one in the VMPFC, one in each
hemisphere of the aI and one in each hemisphere of the amygdala - were
defined as seed regions for the functional connectivity analyses. The
VMPFC-ROI was drawn as a sphere of 10mm radius, centered at MNI-
coordinates, x¼ 0, y¼ 44, z¼�14, as defined in our previous study
(B€ar et al., 2016). Anterior insula and amygdala ROIs were created using
the WFU Pick Atlas tool for SPM (Maldjian et al., 2004, 2003). The aI was
defined as the most anterior part starting from y� 6mm along the
posterior-anterior axis, which is in accordance with previous literature
(Cauda et al., 2012, 2011). We divided the whole insula ROI based on the
WFU Pick Atlas into two sub-regions using a perpendicular plane that
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cuts the posterior-anterior axis at y¼ 6. Only the anterior section was
used in the analyses.

To obtain functional connectivity maps, the preprocessed resting-
state fMRI signal was averaged over each seed region and correlated
against all voxels in the brain. The resulting Pearson correlation co-
efficients were converted to Fisher z statistic in order to produce a more
normally distributed variable (Zar, 1996). Comparison of functional
connectivity maps between SHR, MHR and FHR groups was then per-
formed using a one-way analysis of variance (ANOVA). The overall main
effect of group (F-test) for each seed regions was thresholded at p< 0.001
and corrected for multiple comparisons at the cluster level p< 0.05
(FDR-corrected). Afterwards, FC values for each subject were extracted
from the significant clusters of the ANOVA and post-hoc t-test analyses
were conducted to identify differences between specific groups.

2.6. Network analysis of rs-fMRI

In addition to the seed-based FC approach, we investigated significant
between-group differences in the whole-brain network connectivity
(connectome) using the network-based statistic approach (NBS) (Zalesky
et al., 2010).

NBS is a validated non-parametric method that has been used to
control the family-wise error rate (FWER) when performing mass uni-
variate testing on all connections in a network. NBS relies on the
assumption that connectivity changes are more likely to affect multiples
edges in a network (Fornito et al., 2016). Individual connectivity
matrices were generated extracting the mean time series from 262 in-
dependent anatomical ROIs, which were defined based on the co-
ordinates from an extensively validated parcellation system provided by
(Power et al., 2011). Each ROI was modeled as a 10mm diameter sphere
with a minimum distance of 10mm between sphere centers, thus
avoiding potential overlapping. In addition, we discarded short-distance
correlations less than 20mm as they might be affected by spatial
smoothing or reslicing. We focused only on positive correlations. The
rationale of exploring between-group differences in the positive con-
nectivity matrices was that it simplifies the interpretation of the results
and allows us to have a better comprehension of our data. Thus, all links
in the resulting NBS-component reflect differences in positive connec-
tivity and are not a mixture of differences in negative and positive cor-
relations. Here, a common mask was formed as the overlap of the
averaged positive connectivity matrix of each group. NBS analysis was
restricted to this common mask, which preserved 48% of connections.
Components were identified using a primary component-forming
threshold at t> 3.5. Permutation testing (10 000 permutations) was
then applied to calculate FWE for every component previously identified.
The final result controls FWER at p< 0.05.

For better illustration and representation, components were color-
coded according to well-known resting-state networks (modules) (B€ar
et al., 2016). To compute these networks we used the graph theoretical
approach. Firstly, an adjacency matrix (Aij) was built by retaining 17% of
the strongest connections of the average positive connectivity matrix.
Secondly, Aij was subsequently partitioned using the spectral approach
based on the leading eigenvector of the modularity matrix (B€ar et al.,
2016; Newman, 2006). This graph partitioning led to four functionally
distinct modules: the executive-control, the salience, the default mode
network, and visual networks (see Supplementary Fig. S1). We used these
networks as a reference to label the NBS components. NBS analysis was
conducted using the Brain Connectivity Toolbox (Rubinov and Sporns,
2010), while graph partitioning and component visualization used
in-house programs written in Python.

2.7. Simulation of aliasing effects

As stated, rs-fMRI data were sampled with a TR of 2.5 s, which means
that the HR signal was aliased into the BOLD signal. Therefore, it is
conceivable that the FC differences might be impacted by different
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Table 1
Demographic and physiological data.

Parameter SHR MHR FHR p valuea

Number of
participants
(n)

28 28 28

Sex (m/f) 16/12 9/19 16/12 n.s.(0.1b)
Age, mean
(SD) [years]

31.14(10.43) 32.11(10.83) 31.50(11.00) n.s(0.95)

Heart Rate,
mean (SD)
[bpm]

54.74(3.93) 66.87(3.71) 81.21(6.21) 4.4� 10�33

Respiratory
Rate, mean
(SD) [brpm]

15.71(2.80) 16.84(2.97) 15.75(4.02) n.s.(0.37)

RMSSD, mean
(SD) [ms]

73.86(29.06) 47.36(20.81) 34.08(16.14) 3.0� 10�8

LF/HF 1.09(0.47) 1.45(1.13) 2.61(2.70) 4.1� 10�3

Respiratory
Sinus
Arrhythmia
[ms]

112.01(50.74) 82.94(42.53) 71.16(38.65) 3.4� 10�3

Self-rated
Frequency
of Physical
Exercisec (n)

3-4 times per
week (26)

1-2 times per
week (11)

1-2 times per
week (27)

n.s.(0.37y)

SF [min�1] 15.64(21.60) 23.18(24.17) 25.93(25.50) n.s.(0.26)
SCL [μS] 0.88(0.76) 0.62(0.38) 0.95(0.95) n.s.(0.24)

SD¼ standard deviation; bpm¼ beat-per-minute; brpm¼ breaths-per-minute;
RMSSD¼ root mean squared of successive difference; ms¼miliseconds; LF/
HR¼ ratio of low to high frequency power of heart rate variability; SF¼ spon-
taneous fluctuations; SCL¼ level of skin conductance.

a p values resulting from one-way ANOVA F-test.
b p values resulting from χ2 test.
c Value in parentheses indicates the number of subjects reporting data.
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aliasing effects in the data.
To address this important issue, we simulated the effect of aliasing on

the functional connectivity using different TRs and heart rates. We first
generated time series of neuronal activity using vector autoregressive
models (VAR) simulating Local Field Potentials (LFPs). Accumulating
evidence suggests that LFPs response is a strong predictor of BOLD ac-
tivity given the high correlation between LFPs and BOLD response
(Logothetis et al., 2001). As LFPs generator, we used a slight variation of
a simple VAR generative model defined by Roebroeck et al. (2005). Two
interacting neuronal populations were generated as a realization of a
bi-dimensional first-order VAR process with autoregression coefficients

A ¼
�
0:9 0
0:2 0:9

�
and white noise with covariance matrix Σ ¼

�
1 0
0 1

�
.

We assumed a timestep of 2ms (matching the physiological data
recording frequency) and generated time series with a length of 650 s,
from which we discarded the first 50 s prior to the analysis to allow the
system to enter a steady state (Seth et al., 2013), thus simulating a
standard rs-fMRI acquisition of 10min. To generate simulated BOLD
signals, the VAR model output was convolved with the canonical he-
modynamic response function, which is derived from the difference be-
tween two gamma functions and has a temporal length of 25 seconds. We
generated cardiac noise using sinusoidal waveforms with random phases
at the fundamental frequency. Harmonics up to order two were subse-
quently added to the sinusoid to account for potential aliasing effects.
However, since the amplitude of harmonics tend to decrease with the
order of the harmonic (Cordes et al., 2001), the amplitude of the first and
second harmonic were the half and the quarter of that of the fundamental
frequency sinusoid. The resulting sinusoid was then converted into a
non-stationary signal after adding a fifth-order polynomial trend (Nitzan
et al., 1998) with random coefficients. This trend explicitly accounts for
the effect of very slow non-periodic variations in the PPG signal due to
some physiological or emotional activity (Nitzan et al., 1994). The
presence of non-stationarity was confirmed by the Augmented
Dickey-Fuller test (p< 0.05). Since the specific amount of physiological
cardiac noise is not clear due to the variability reported in previous
publications (Bianciardi et al., 2009b; Dagli et al., 1999; Shmueli et al.,
2007), we defined the amount of cardiac pulsations to be the dominant
source of noise (40%). Subsequently, these finally created BOLD signal
time series were sampled at three different values of TR: TR¼ 2.52 s to
simulate fMRI signal acquisition in the present study; TR¼ 0.72 s to
simulate data acquired in the Human Connectome Project; and TR¼ 0.1 s
to simulate the absence of aliasing. After sampling the time series,
additional white Gaussian noise (20%) was added to mimicmeasurement
error and noise in the acquisition (Roebroeck et al., 2005). Finally, BOLD
signals were passband filtered into the resting-state band (0.01–0.1 Hz)
and the FC was estimated. We set the “true” FC to 0.3 because we
intended to examine the effect of aliasing on the hypothesized significant
(i.e. significantly different from 0) functional connectivity between CAN
regions. We repeated this procedure by varying the frequency of the PPG
signal over the range of 40 bpm and 120 bpm in steps of 1 bpm.

3. Results

3.1. Physiological and demographic data

As summarized in Table 1, no significant differences were found be-
tween all HR groups with regard to age, gender and skin conductance
measurements (SF and SCL). Physiological data that differed highly
significantly between the groups were: HR, RMSSD (root mean square of
the successive differences), LF/HF (ratio of low to high frequency of HR
variability) and respiratory sinus arrhythmia. Further demographic and
physiological data are listed in Table 1.

3.2. Main effects of group: differences in functional connectivity

Between-group functional connectivity differences (overall F-test)
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from the seed regions: right amygdala, right aI and VMPFC are depicted
in Table 2 and Fig. 1. Analogous results from the seed regions of the left
hemisphere are illustrated in Supplementary Fig. S2. For the right
amygdala, significant overall FC differences were mainly located in areas
reported to be involved in cardiac autonomic and emotional regulation,
i.e. amygdala, aI and posterior insula (pI), left ventrolateral prefrontal
cortex (VLPFC), ACC, periaqueductal gray area (PAG) and the dorsal
vagal complex (DVC). Further clusters include the supplementary motor
area (SMA), the hypothalamus and the cerebellum.

With the right aI used as seed region, differences in the FC to the left
and right amygdala, left and right pI, hypothalamus and cerebellum were
observed. In addition, a cortical cluster showing different connectivity
with the right aI was found in VMPFC.With respect to VMPFC-FC, overall
between-group differences were detected for connectivity to the left aI as
well as to the left and right VLPFC (Fig. 1 and Table 2).

We selected regions for the post-hoc t-test presented in Fig. 1 known
to be involved in heart rate regulation. Post-hoc t-tests analyses (Fig. 1,
side bars) revealed significantly (p< 0.001) increased connectivity of the
right amygdala with left insula (the cluster included anterior and pos-
terior insula) in the SHR group as compared to groups exhibiting higher
HR. Moreover, the SHR group showed different behavior in hypothala-
mus and DVC regions; the opposed connectivity with respect to the other
groups might reflect different neurophysiological mechanisms occurring
uniquely at lower HR. On the other hand, increased negative connectivity
was observed between VMPFC with left VLPFC and aI in groups with
elevated HR. In total, we compared twenty clusters and in only two of
them the functional connectivity was significantly lower in the slow HR
group.

FC values in all analyzed clusters did not significantly differ between
the MHR and FHR groups (Fig. 1, side bars).

We repeated these analyses using a parameter of HRV (RMSSD) as a
covariate in the between-group analyses and observed similar results
(Supplementary Fig. S4). Thus, it seems that significant between-group



Table 2
Main effect of Group.

Functional Connectivity to: Right/Left Brodmann's Area Cluster sizea MNI coordinate F value

x y z

Seed: Right Amygdala
Inferior Frontal Gyrus L 22/38/47 523 �54 16 �4 23,98
Superior Temporal Gyrus L 22 �60 8 0 13,22
Insula R 13 285 50 4 �6 14,07
Insula L 13 365 �44 4 �4 14,56
Superior Temporal Gyrus L 38 �44 6 �16 12,15
Amygdala R 34 347 22 2 �18 19,91
Parahippocampal Gyrus R 34 14 �12 �20 12,94
Superior Temporal Gyrus R 38 24 10 �24 11,46
Hypothalamus L 207 �4 �4 �14 15,31
Amygdala L 34 �12 �6 �20 14,33
Parahippocampal Gyrus L 36 95 �20 �34 �8 13,82
Parahippocampal Gyrus R 36 587 20 �28 �8 28,65
Caudate Nucleus R 30 �34 0 22,08
Anterior Cingulate Gyrus 24 106 0 38 10 10,51
Supplementary Motor Area 6 62 0 8 72 10,1
Middle Temporal Gyrus R 39 226 50 �66 28 18,52
Dorsal Vagal Complex L/R 638 4 �30 �52 25,26
PAG 101 2 �22 �8 13,53
Culmen L 145 �4 �50 �18 16,43
Cerebellar Lingual R 2 �44 �20 10,52
Seed: Left Amygdala
Dorsolateral Prefrontal Cortex L 10 88 �34 44 20 12,18
Inferior Frontal Gyrus L 47 1600 �46 28 �4 24,22
Superior Temporal Gyrus L 22/38 �50 0 �6 20,39
Insula R 13 719 40 2 8 17,76
Amygdala R 28 26 6 �24 15,03
Insula R 13 44 36 16 �2 11,83
Parahippocampal Gyrus R 34 66 18 �12 �18 16,74
Amygdala R 34 18 0 �16 8,63
Parahippocampal Gyrus R 36 252 20 �30 �8 25,02
Anterior Cingulate Gyrus R 24 51 2 22 20 9,8
Precuneus L 7 191 �24 �76 40 15,11
Precuneus R 39 159 34 �66 36 11,28
Supplementary Motor Area 6 96 2 �24 74 12,44
Middle Temporal Gyrus R 38 71 40 6 �38 8,25
Dorsal Vagal Complex 101 4 �38 �60 11,07
PAG/Red Nucleus 50 2 �26 �12 8,56
Culmen 111 �8 �34 �32 15,42
Seed: Right Anterior Insula
Ventromedial Prefrontal Cortex L 11 44 �10 42 �24 11,08
Ventrolateral Prefrontal Cortex L 47 51 �42 30 0 12,41
Insula R 13 249 38 �4 8 12,89
Insula L 13/41 189 �38 �24 12 16,8
Amygdala L 133 �24 �2 �22 13,19
Parahippocampal Gyrus R 36 153 28 �24 �16 12,38
Parahippocampal Gyrus R 34 77 18 �8 �22 11,03
Hypothalamus L/R 72 2 2 �14 13,14
Posterior Cingulate/Precuneus R 23 469 10 �56 20 16,96
Precuneus 23 0 �62 18 14,16
Dorsal Vagal Complex 329 �2 �24 �50 25,89
Declive 102 �2 �58 �18 11,31
Seed: Left Anterior Insula
Ventromedial Prefrontal Cortex 11 205 0 28 �14 12,5
Inferior Frontal Gyrus R 47 244 22 14 �20 13,23
Insula R 13 385 36 �12 18 16,55
Amygdala L 34 373 �18 �6 �20 16,39
Parahippocampal Gyrus L 28 �18 �14 �22 12,38
Parahippocampal Gyrus R 27 225 24 �32 �8 14,43
Hypothalamus 40 0 4 �12 10,74
Posterior Cingulate R 23 129 10 �56 20 13,60
Superior Temporal Gyrus L 22 642 �54 �10 6 16,47
Primary Motor Cortex L 4 �60 �10 16 12,47
Dorsal Vagal Complex 270 4 �28 �52 19,06
Declive 71 �4 �56 �18 11,89
Seed: VMPFC
Ventrolateral Prefrontal Cortex R 38/44 130 56 12 0 12,80
Ventrolateral Prefrontal Cortex L 22/47 67 �54 12 �4 12,62
Inferior Frontal Gyrus L 46 56 �46 44 0 12,5
Insula L 13/41 59 �34 14 4 9,04

a Voxel level p< 0.001 uncorrected, cluster level p< 0.05 FDR corrected.
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Fig. 1. Brain regions showing differences in functional connectivity using right amygdala, right anterior insula and VMPFC as seed regions, respectively. The F-test
indicates a significant effect of HR at voxel level p < 0.001 and cluster level p < 0.05 (FDR-corrected). The bars depicted on the sides represent post-hoc t-tests carried
out by averaging connectivity values on each significant cluster. Abbreviations: ***p < 0.001; VLPFC, ventrolateral prefrontal cortex; aI, anterior insula; pI, posterior
insula; Hipp, hippocampus; Amy, amygdala; pgACC, pregenual ACC; Hyp, hypothalamus; SMA, supplementary motor area; Cereb, cerebellum; PAG, periaqueductal
gray; DVC, dorsal vagal complex; SHR, slow heart rate group; MHR, medium heart rate group; FHR, fast heart rate group.

Fig. 2. Association between HR and functional connectivity of brain regions putatively involved in neurovisceral integration. Scatter plots refer to the connectivity
indicated by the bold line with labels. Red points, SHR group; green points, MHR group; blue points, FHR group.
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differences in HRV, in particular between SHR and FHR groups, have
only a small effect on differences in functional connectivity of the CAN
regions.
Fig. 4. Effect of simulated cardiac aliasing on functional connectivity for a wide
range of heart rates and different sampling intervals (TR). R2 values in paren-
theses indicate the variance explained by the exponential function used to
approximate the FC values across the entire HR range. The side plot shows the
FC histograms at the respective TR.
3.3. Relationship between HR and functional connectivity

To investigate the association between FC and HR within single HR-
groups and across all subjects, regression analyses were performed with
FC between specific CAN regions and heart rate.

Significantly negative associations between HR and FC was found in
right amygdala-ACC (r¼�0.71, p< 0.001), left aI-right amygdala
(r¼�0.63, p< 0.001), right aI-hypothalamus (r¼�0.53, p< 0.01) and
a significantly positive association between HR and right amygdala-DVC
FC (r¼ 0.46, p< 0.05) in the SHR group.

The correlation between HR and FC was close to zero in the MHR and
FHR groups. A different behavior was observed between VMPFC-left aI
and right amygdala-DVC connectivities. In the former, the correlation
was significantly positive (r¼ 0.38, p< 0.05) in the FHR and non-
significant for SHR and MHR groups, while in the latter both SHR and
MHR showed significant positive correlation with r¼ 0.46 (p< 0.05) and
r¼ 0.39 (p< 0.05), respectively.

Furthermore, as illustrated in Fig. 2 it seems that the relationship
between FC and HR becomes non-significant with increasing HR. Indeed,
when we tested this observation, a non-linear exponential relationship
explaining considerable variance between these variables was found
when all subjects were analyzed together.
3.4. Network based statistics

With the NBS analysis, significantly greater positive functional con-
nectivity was observed in the SHR as compared to the FHR group in a
network of 35 nodes and 47 edges (Fig. 3: p¼ 0.004). Nodes within this
network were located in CAN regions, i.e. amygdala, insula, ACC, but
also in visual, temporal and sensorimotor regions with a large number of
intra-hemispheric functional connections. Based on the modularity ob-
tained by the spectral partition algorithm, 25 out 35 nodes were labeled
as belonging to the salience network, 7 as belonging to the visual, 2 as
belonging the default mode network (DMN) and 1 as belonging to the
executive-control (B€ar et al., 2016). Supplementary Table S1 contains a
complete listing of nodes position and labels.
Fig. 3. Group comparisons (SHR vs FHR) in functional connectivity matrices usin
significantly (p¼ 0.004) higher connectivity in the SHR compared to FHR. These con
indicate the resting-state network where the node belongs to, according to a commu
Magenta, visual network; green, salience-network; red, default mode network; blue,
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3.5. Simulation of aliasing effects on the FC

Fig. 4 illustrates FC values relative to HR extracted from simulated
BOLD signal time series. A strong variability in the FC values was
observed for the TR of 2.52 s, but without a significant linear or non-
linear relationship between FC and HR. In the case of the fast TR of
0.72 s, as used in the Human Connectome Project, the variability in FC
values was relatively small and the aliased HRs were easily detectable as
FC peaks. It should be noted that HR higher than the sampling rate does
not necessarily implies that its fundamental frequency aliases into the
investigated resting-state low-frequency band (0.01–0.1 Hz). As expected
in the absence of aliasing, i.e. TR¼ 0.1 s, FC remains stable across the
entire HR range corresponding to the “true” correlation of 0.3. The his-
tograms show the association between HR and FC depending on the three
different sampling rates (TRs).
g Network-Based statistics (NBS). The depicted component shows nodes with
nections formed a single connected network with 35 nodes and 47 links. Colors
nity structure obtained using the spectral partition algorithm (Newman, 2006).
executive-control network (see Supplementary Table S2 for abbreviations).
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4. Discussion

The investigation of brain regions involved in cardiac regulation is an
important issue in neuroscience research with respect to healthy aging or
variety of medical conditions. Here we examined differences in RSFC
within structures of the CAN between groups of healthy subjects classi-
fied according to their heart rate during the scanning procedure. To the
best of our knowledge, this is the first study which systematically in-
vestigates changes in FC in relation to the mean heart rate. We focused on
three brain regions of interest - the amygdala, the aI and the VMPFC - all
belonging to the CAN and playing a prominent role within the framework
of the Neurovisceral Integration Model (Thayer and Lane, 2000).

In agreement with our hypothesis, we found significant differences in
the FC of these three ROIs, which were particularly noticeable between
the groups with slow (<60 bmp) and fast HR (>75 bpm). Subjects with
slow HR exhibited significantly increased FC between amygdala, insula,
VLPFC, ACC, hippocampus and hypothalamus compared to subjects with
medium or fast HR. In contrast, the groups with medium and fast HR
mainly showed a FC close to zero.

The correlation analysis revealed a significant negative relationship
between FC of regions within the CAN and HR, mainly in the SHR. Across
all subjects, the relation between FC and HR could be described by a non-
linear (exponential) course, i.e. with increasing heart rates the values of
the functional connectivity in the CAN became lower - an observation
that could be approximated by said non-linear relation.

The NBS analysis, supporting the results of the ROI analyses, revealed
significantly stronger FC in the SHR group compared to the FHR group in
a component comprising CAN regions including amygdala, insula, ACC
and hippocampus, and additionally sensorimotor and occipital brain
areas. Thus, we confirmed our hypothesis that the functional coupling of
regions putatively involved in autonomic control is HR-dependent.

Previous studies consistently demonstrated that cardiac changes
induced by short sessions of physical effort (Norton et al., 2013; Shoe-
maker et al., 2015; Williamson et al., 2003) elicit FC changes in CAN
regions (Norton et al., 2013; Shoemaker et al., 2015). Norton and col-
leagues reported that during a simple handgrip task, activation in VMPFC
and hippocampus was negatively correlated with changes in HR (Norton
et al., 2013). Using effective connectivity, they also found that VMPFC
exerts direct influence on the hippocampus and nuclei of the brainstem,
which supports the notion of a top-down control by the VMPFC.

Slow HR is frequently found in meditation practitioners. In these
subjects, a slowing in heart rate has been associated to structural changes
within the cardiorespiratory centers as well as to increased connectivity
between lower brainstem regions and cortical areas (Luders et al., 2011;
Streeter et al., 2012; Vestergaard-Poulsen et al., 2009). In general, in-
terventions using meditation techniques have been linked to increased
parasympathetic activity, lower heart rate and stronger functional con-
nectivity between CAN regions, in particular PCC, ACC, VMPFC and
insula (Brewer et al., 2011; Kilpatrick et al., 2011; Streeter et al., 2012;
Tang et al., 2012). Hypnosis is a similarly effective method to decrease
HR (Barber and Hahn, 1963; Bauer and McCanne, 1980); putatively by
shifting the sympathovagal balance toward an enhanced para-
sympathetic activity (Debenedittis et al., 1994). This is additionally
accompanied by changes in the FC within CAN structures, such as
increased FC between ACC with prefrontal cortex, insula and brainstem
(Faymonville et al., 2003) as well as between DLPFC and insula (Jiang
et al., 2017).

Although we did not explicitly manipulate the heart rate in the pre-
sent study, we observed significant FC changes in regions reported in the
above studies, which support our interpretation of an association be-
tween changes in FC within CAN regions and changes in heart rate.

Furthermore, slower HR is often found in individuals with regular
physical activities and is a sign of healthy cardiovascular regulation
(Blomqvist and Saltin, 1983; Scheuer and Tipton, 1977). However, we
did not find any significant differences in the amount of self-rated
physical activities between the groups (see Table 1). Therefore, we
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assume that a different degree of physical capacity is not a major influ-
encing factor. In addition, we cannot explain differences in FC between
groups by different levels of physiological arousal, because they were not
significantly different with respect to skin conductance parameters
(Armel and Ramachandran, 2003; Bach et al., 2010).

Several further factors can influence FC at rest (Finn et al., 2017). For
instance, content and frequency of spontaneous thoughts (Christoff et al.,
2009; Gorgolewski et al., 2014), mood (Harrison et al., 2008) and the
kind of task performed before scanning (Barnes et al., 2009; Tung et al.,
2013) might cause differences in FC. However, it seems unlikely that
these factors cause such widespread and systematic FC changes (Lau-
mann et al., 2015) as detected in the present study. Age is another
important factor that might lead to changes in functional connectivity
(Kumral et al., 2018; Sakaki et al., 2016) and heart rate (Boettger et al.,
2010). In a recent study, Kumral et al. (2018) reported a strong associ-
ation between resting HR variability (HRV) and FC in different age
groups of healthy adults. Notably, a network including VMPFC, DLPFC,
SMA, and cerebellum appeared to be HRV-dependent in younger adults
(Kumral et al., 2018). Since our participants were all young adults and
the groups did not significantly differ in age, it is unlikely that the effect
of age may explain the observed differences in FC.

Another potentially relevant factor might be the degree of wakeful-
ness in the resting state condition with closed eyes. In a typical resting
state protocol, about one third of participants cannot maintain wake-
fulness and fall asleep (Tagliazucchi and Laufs, 2014). This percentage
becomes even higher if subjects are instructed to keep their eyes closed
(Tagliazucchi and Laufs, 2014), as in the present study. The
wakefulness-sleep transition has been found to be also associated with
fMRI signal changes (Chang et al., 2016; Laumann et al., 2017; Taglia-
zucchi et al., 2012; Tagliazucchi and Laufs, 2014) as well as with changes
in physiological parameters like blood pressure and HR (Smith et al.,
1998). As mentioned above, we did not find any differences in the level of
physiological arousal as assessed by the skin conductance indices, which
might be an indicator for changes in the degree of wakefulness (Sano
et al., 2014).

One should also consider the possibility that the observed differences
in the FC are due to different aliasing effects in the groups with slow and
fast HR. To account for such potential effects on RSFC, we simulated the
effect of aliasing on two BOLD signals sample with three different TR
values. Based on our results of the simulation analysis, the observed
between-group FC differences as well as the highly significant correla-
tions between FC and HR in the SHR group seems not to be strongly
affected by aliasing effects. As shown in the simulation, the FC shows a
rather chaotic pattern when physiological cardiac noise dominates.
Moreover, the fact that the coupling between FC and HR across all groups
varied in an exponential manner (see Fig. 2) speaks against a global
factor, such as aliasing, being the sole factor influencing the FC.

The applied state-of-the-art noise correction strengthens the
assumption that our main findings cannot be solely explained by the
differential effect of physiological cardiac noise on functional connec-
tivities. The influence of these artifacts on the FC was controlled during
the pre-processing steps through the RETROICOR approach, RVT and
removal of low-frequency cardiac noise. The latter procedure was
improved in the present study by using a HR-specific CRF, thus ac-
counting for the varying effect of the cardiac rate on the shape of the CRF,
which can lead to artificial group differences (de la Cruz et al., 2017). It
should be noted that there is still an ongoing debate on how much
physiological signal can be truly considered as “noise” (Iacovella and
Hasson, 2011). A recent study showed that physiological noise correction
methods particularly reduce fluctuations in regions known to be involved
in cardiac autonomic regulation like insular cortices, brainstem and
prefrontal areas (Khalili-Mahani et al., 2013). For example, by applying
the full RETROICOR model and thus additionally removing the cardiac
RETROICOR regressors, we observed that cluster sizes in the dorsal vagal
center, hypothalamus and perigenual anterior cingulate cortex were
reduced and did not reach the critical voxel size to pass the cluster-level
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corrected statistical threshold (see Supplementary Fig. S3). The closeness
of these clusters to ventricles make them particularly susceptible to
physiological artifacts, which are therefore much stronger affected dur-
ing physiological noise correction than other regions.

Finally, with regard to the NBS analysis, we detected in the SHR group
a significantly stronger connected network than in the group with fast
HR. This confirms the results of the ROI analyses and presumably reflects
the neural basis of different cardiac autonomic balance. This network
component also included several sensorimotor and visual regions.
Studies with animals have found direct anatomical connections from
sensorimotor cortex to parasympathetic nuclei in the lower brainstem,
i.e. nucleus tractus solitarius and ventrolateral medulla (M'hamed et al.,
1993; Verberne and Owens, 1998). In addition, the role of the sensori-
motor cortex in autonomic control has been recognized in previous
studies (Cechetto and Saper, 1990). Based on anatomical studies we can
speculate that changes in the connectivity of sensorimotor areas are
related to changes in the heart rate (Clancy et al., 2014; Sequeira and
Ba-M'hamed, 1999; Viltart et al., 2003). In the case of the visual cortex,
little is known about its relation to cardiac autonomic regulation and
factors such as the state of wakefulness (Laumann et al., 2017; Taglia-
zucchi et al., 2012; Tagliazucchi and Laufs, 2014) or opening the eyes
during scanning (Bianciardi et al., 2009a; Marx et al., 2004) might lead to
FC alterations in these regions. Thus, further studies are required to
systematically investigate the relationship between visual cortex con-
nectivity and cardiac autonomic balance.

4.1. Implication for fMRI studies

Taken together, our results suggest that the variability in the RSFC is
associated with inter-individual variability of the heart rate. If this
finding is further corroborated in future studies, important implications
for neuroimaging studies can be anticipated. We recommend to simul-
taneously assess HR in future fMRI studies to account for between- and
within-groups differences. This is especially the case when comparing
healthy subjects to patients with psychiatric disorders, which often
exhibit significantly altered HR compared to control subjects (B€ar, 2015;
Schumann et al., 2017).

Furthermore, given the established link between HR and emotional,
cognitive and social processes, present findings may also be considered to
explain individual differences in brain activation or connectivity when
using corresponding paradigms in the MR scanner to investigate such
processes. Since the interaction between heart and brain are bi-
directionally the present findings of significant brain-heart interaction
may thus provide an interesting opportunity for further studies to relate
functional connectivity in the cortico-subcortical circuitry to physiolog-
ical responses as assessed by HR and to emotional/behavioral responses.

Present findings may also have implications for the better under-
standing of the neurovisceral integration model. This model is a frame-
work to link psychological processes like emotion or cognition and the
underlying cortico-subcortical neural circuit to cardiac autonomic regu-
lation. Even if we used resting-state fMRI in the present study and thus
did not investigate affective/cognitive processes, present findings indi-
cate in support of the neurovisceral integration model a significant
relationship between connectivity in the cortico-subcortical circuit and
heart rate regulation. The observation of higher functional connectivity
associated with lower heart rate indicates that slow oscillations in heart
rate seem to strengthen brain network connectivity in this circuitry and
potentially thereby exerting a positive effect on emotion regulation and
self-control (Mather and Thayer, 2018). However, this relationship
should be explicitly investigated in future studies.

4.2. Limitations

In this study, we used HR as the main parameter and did not use other
physiological parameters, such as HRV metrics. The decision to use HR
was motivated by the fact that it is influenced by both sympathetic and
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parasympathetic modulation and that HRV metrics are more prone to
errors in signal recording than HR and can be corrupted by respiratory
effects (Hill and Siebenbrock, 2009; Penttil€a et al., 2001).

We are aware that HR also covariates with the physiological cardiac
noise in the BOLD signal, which implies, for example, that the FC in re-
gions likely affected by pulsation should also correlate with HR. How-
ever, these artifacts should represent only a small portion of the resting-
state signal (de Munck et al., 2008) and as indicated earlier, its potential
influence was minimized by applying state-of-the-art physiological noise
correction techniques.

Furthermore, as recently demonstrated in rodents (Kim et al., 2016),
local changes in cerebral blood flow and pressure can also impact resting
firing activity of neurons, the so-called vasculo-neuronal coupling (VNC),
potentially having an effect on FC. However, we consider that gross
fluctuations in vascular variables are properly accounted for during the
physiological correction steps.

To obtain fMRI data free of aliasing, a TR below 0.3 seconds or even
shorter is necessary, which is currently challenging with respect to the
whole-brain acquisition. To simulate aliasing effects, we used a model to
estimate its impact on the association between different HRs and low-
frequency BOLD fluctuations, which indicated that the relationship be-
tween HR and FC is unlikely to be dominated by aliasing. However, we
did not explicitly model heart rate variability (HRV), but instead we
introduced non-stationarity into the model by adding a fifth-order
polynomial trend to the simulated data. Heart rate variability com-
prises frequencies that may contribute to the fMRI frequency spectrum
and may additionally influence the functional connectivity. Modeling
HRV requires varying the beat-to-beat distances within a range of
physiologically plausible values and also accounting for other physio-
logical variables like respiration, which was beyond the scope of this
work. But, we used HRV (RMSSD) as covariate and observed similar
results as in the original analyses (Supplementary Fig. S4). Future studies
with sufficiently short TR should replicate present findings, where ali-
asing effects do not play a major role.

5. Conclusion

Our study represents the first direct demonstration of the relation
between heart rate and functional connectivity of brain regions in the
CAN. The functional coupling between these regions becomes stronger
when the heart rate is lower. Furthermore, we showed that this rela-
tionship is non-linear and can be approximated by an exponential func-
tion. Using synthetic fMRI and cardiac data, we demonstrated that
aliasing cannot explain our findings. Future investigations should
examine the relationship between functional connectivity and heart rate
measured with sufficiently short TR.
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