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Abstract
Since the brain controls heart activations, there should be a correlation between their activ-
ities in different conditions. This study investigates the correlation between heart and brain
responses to olfactory stimulation. We employed fractal theory and sample entropy to evaluate
the complexity of EEG signals and Heart Rate Variability (HRV) in the form of R–R time series.
We applied four different pleasant odors with different molecular complexities to 13 participants
and analyzed their EEG and ECG signals. The results demonstrated that the complexities of
HRV and EEG signals are strongly correlated; a bigger alteration in the complexity of olfac-
tory stimuli is mapped to a bigger alteration in the complexity of HRV and EEG signals. This
investigation can be similarly done to examine the correlation between various organs and the
brain by quantifying the complexity of their signals versus brain signals.

Keywords : Heart; Brain; Electroencephalogram (EEG) Signals; Fractal Theory; Sample
Entropy; R–R Time Series; Complexity.

1. INTRODUCTION

The brain controls different organs’ activities by
sending impulses to them. Therefore, an important
category of works belongs to the decoding of the
relation among heart and brain activations. Some
researchers evaluated the coupling of heart and
brain activities by studying the changes in Heart
Rate Variability (HRV) and electroencephalogram
(EEG) signals using the same analysis method (e.g.
FFT,1 multiscale entropy,2 or information theory3).
On the other hand, some other works analyzed the
changes in EEG signals and HRV using different
techniques.4–7 Besides, some studies examined the
variations in heart activity versus brain activity
recorded using other methods such as fMRI.8 How-
ever, there has not been any work that utilized the
same method to investigate the variations in HRV,
EEG signals, and stimuli.

One of the important research areas is investi-
gating the brain and heart’s responses to different
stimuli. Since the brain and heart react differently
when we sniff different odors,9,10 analysis of the cor-
relation between their responses is an interesting
area of research. It is known that R–R time series
and EEG signals are complex11,12 On the other
hand, the molecular structure of olfactory stimuli
is also complex.13 Therefore, the fractal theory can
be used to study the coupling of EEG and HRV sig-
nals versus the alterations of the odors (as olfactory
stimuli).

In general, objects with self-similar or self-affine
patterns can be considered as fractals. Fractal
objects have a repeating pattern at every scale.14

Fractals that follow the same scaling exponent in

different directions are called self-similar fractals.
On the other hand, fractal objects which do not
follow a similar scaling exponent in different direc-
tions are called self-affine fractals. Fractal dimen-
sion is the main exponent for quantifying fractals’
complexity.15 Besides many studies that employed
other techniques (e.g. information theory16–23) to
analyze different physiological signals, a lot of stud-
ies have also used fractal theory to quantify the
complexity of biosignals. The reported works that
can be mentioned are the ones that analyzed com-
plex structures of eye fluctuations,24–26 respiration
signals,27 voice signals,28 EMG signals,29–32 PCG
signals,33 GSR signals,34 and DNA sequences.35

We can also recall many studies on the frac-
tal analysis of EEG signals. For example, there
are investigations on the changes in EEG signals’
complexity in response to auditory,36 visual,37 and
electrical38 stimuli, repetitive transcranial magnetic
stimulation,39 walking,40 aging,41 and brain dis-
eases.42 Besides, several works applied fractal the-
ory to investigate the variations of the complex
structure of HRV. Several works have been reported
in the literature that analyzed the HRV in vari-
ous age groups,43 during walking,44 for the predic-
tion of cardiac death,45 to evaluate the influence of
pharmacological adrenergic and vagal modulation
on HRV,46 to analyze the alterations in heart rate
in non-REM sleep,47 and to investigate the changes
in the heart rate of patients with peripheral arterial
disease,48 diabetes,49 and COPD.50 Overall, fractal
analysis could decode the variations of EEG signals
and HRV in different conditions.

Other methods (e.g. sample entropy) also can
be used to analyze the complexity of signals.
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The length of data does not affect the sample
entropy. Since the recorded ECG signals from dif-
ferent subjects lead to R–R time series (HRV) with
different lengths, sample entropy can be used to
overcome this bias which can affect the calculation.
In fact, sample entropy is used in this research to
validate the fractal analysis results. We can recall
several works which employed sample entropy to
analyze EEG signals51–53 and HRV.54–57 Overall,
sample entropy could decode the variations of EEG
signals and HRV in different conditions.

We utilized fractal theory and sample entropy to
analyze the link between heart and brain responses
to various conditions. Besides, we also take the
complex structure of applied external stimuli into
account.

In the following sections of this paper, first, we
will discuss our methodology that is based on com-
plexity analysis. Then, we will present data collec-
tion procedures and steps taken for the analysis of
recorded data. The obtained results from the anal-
ysis will be detailed after that. In the last section
of this paper, we discuss the obtained results and
draw some future works.

2. METHOD

We evaluated the coupling among heart and brain
activities. To examine this correlation in differ-
ent conditions, we stimulate subjects using various
odors as olfactory stimuli. We use the complex-
ity concept to study the correlation of the vari-
ations of heart rate, brain signals, and olfactory
stimuli. Since both R–R time series and EEG sig-
nals are complex, we used fractal theory. We calcu-
late the fractal dimension of EEG signals and HRV,
and in this way, we relate their complexities. It is
known that bigger values of fractal exponent indi-
cate greater complexities.

There have been similar developed techniques
for the calculation of the fractal dimension. In
this research, we employ the box-counting method
for our analysis.58 In this technique, which is
based on entropy theory, an object is covered
with boxes in different steps, with the same size
(ε) in each step. The number of boxes (N) is
counted in each step, and in the last step, the
fractal dimension is calculated using the following
equation59:

FD = lim
ε→0

log N(ε)
log 1/ε

. (1)

The general form of fractal dimension of order c is
formulated as

FDc = lim
ε→0

1
c − 1

log
∑N

j=1 rc
j

log ε
, (2)

in which rj indicates the probability of occurrence,

rj = lim
ε→0

tj
T

, (3)

where tjand T , respectively, indicate the time in the
jth bin and whole signals.

Besides, we employ sample entropy to verify
the fractal analysis results. Sample entropy also
is used to quantify the complexity of signals. Its
main characteristic is that it is independent of
the data length. Since the recorded ECG sig-
nals from different subjects lead to R–R time
series with different lengths, sample entropy can
overcome this bias (which can affect the calcu-
lation). For a signal, {y(1), y(2), y(3), . . . , y(n)},
a template vector of length z can be defined
as Yz(i) = {y, yi+1, yi+2, . . . , yi+z−1. The sample
entropy (SamEn) is formulated as60

SamEn = −log
B

C
. (4)

Considering the distance function,
d[Yz(i), Yz(j)](i �= j) as Chebyshev distance and ε
as the tolerance (0.2× standard deviation of data),
B and C indicate the numbers of template vector
pairs with conditions in (5) and (6), respectively,

d[Yz+1(i), Yz+1(j)] < ε, (5)

d[Yz(i), Yz(j)] < ε. (6)

To quantify the odors’ complexity, we con-
sider their molecular complexity. In this study, we
selected four pleasant odors with different molec-
ular complexities, which were calculated based on
Bertz formula (7), see Table 1.

This formula has two terms, where Cn is an indi-
cator of skeletal complexity and Ce is an indicator
of atoms’ diversity in a molecule.61 From the molec-
ular structures of these odors shown in Fig. 1, it
can be seen that smaller and/or highly symmetrical

Table 1 The Odor Flavors’ Complexities.

Odor Complexity

Pineapple (first stimulus) 68.9
Banana (second stimulus) 86.9
Vanilla (third stimulus) 135
Lemon (fourth stimulus) 163
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Fig. 1 The molecular structures of stimuli.

molecules and compounds with few distinct atom
types (or elements) have lower complexity,

C = Cn + Ce. (7)

In fact, the complexity of selected odors increases
from the first odor to the fourth one. We select these
odors since their increasing complexities enable us
to evaluate how much the complexities of EEG sig-
nals and HRV are correlated.

3. DATA COLLECTION AND
ANALYSIS

The approval for this study (Project No. 20439) was
issued by the Monash University Ethics Commit-
tee. We have run the experiments on 13 subjects
aged 18–22 years who were students at Monash
University Malaysia. We collected signed consent
forms from subjects before starting the experiment.
It should be noted that we asked several questions
to them for ensuring their health conditions. Dur-
ing the experiment, subjects were sitting on a chair
comfortably while sniffing different odors.

We collected the EEG and ECG signals using
Muse EEG and Shimmer ECG devices at 256 Hz.
Figure 2 shows the experimental setup. The EEG
electrode placement (based on the 10–20 system)
is shown in Fig. 3. Besides, one reference (V) and
four recording (LA, RA, LL, and RL) electrodes
of the ECG device were attached to the subject’s
chest. Figure 4 illustrates the placement of ECG
electrodes. For stimulation, we used 0.01 mL of each
fruit’s flavor (Fig. 5) on a piece of paper that was
held in front of the subjects.

Initially, the subjects closed their eyes and
breathed normally in the rest condition. Then, we

Fig. 2 The experimental setup.

Fig. 3 The placement of EEG electrodes.

started the stimulation experiment of the partic-
ipants using odors as explained in the following
steps. In the case of each odor, we did stimula-
tion for 5min, which was followed by 1-min rest. It
should be noted that we presented coffee to the par-
ticipants in the rest periods between stimulations.
We did this job to bring the brain and heart activi-
ties to a normal level. The experiment was repeated
for all participants in another session.

Since olfactory stimuli play a major role in chang-
ing the brain’s activity, in this research, we only
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Fig. 4 The placement of ECG electrodes.

Fig. 5 Fruit flavors used as olfactory stimuli.

analyzed the brain’s reaction to these stimuli by
analysis of the recorded data from AF7 and AF8
electrodes. This selection was due to the close posi-
tion of these electrodes to the olfactory bulb of the
brain. We should note that the recorded data dur-
ing some sessions have been excluded from further
analysis because of the low connection (disconnec-
tion) of recording devices in those periods.

After the collection of data, first, we filtered the
EEG signals using a first-order Butterworth filter
(0.5–30 Hz) in MATLAB.

We selected the R peaks of ECG signals using
our code. Then, it generated the R–R interval time
series from the selected R peaks. We checked the
selected R peaks visually for better accuracy.

Fig. 6 The fractal exponents of EEG signals. Error bars
indicate standard deviations.

Accordingly, we computed the fractal expo-
nent and sample entropy of signals. Although we
recorded 5 min of signals during each stimulation,
however, we chose 4.24 min of data for our analysis.
This selection was because of the inconsistent sam-
pling frequency of devices sometimes that caused
the recording of signals for less than 5min in some
cases. All analyses have been done in MATLAB
2019a.

We used the post-hoc Tukey test to compare
the variations in the complexity of signals. We also
checked the influence of various odors on the varia-
tions of EEG signals and HRV using Cohen’s d as an
effect-size analysis test. Furthermore, we quantified
the coupling of the variations of EEG signals and
HRV using the Pearson’s correlation coefficient. A
significance level of 95% was considered in our anal-
yses.

4. RESULTS

Figure 6 illustrates the alterations of the EEG sig-
nals’ fractal dimension.

As illustrated in Fig. 6, EEG signals had the
smallest fractal exponent during the first stimula-
tion. Therefore, EEG signals had the lowest com-
plexity in this period. The results show that EEG
signals’ fractal dimension increases in response to
the first–fourth stimuli. The increment in the odors’
complexity is reflected in the increase in the frac-
tal exponent of EEG signals, which indicates their
correlation.

Comparing the fractal exponents of EEG signals
among various conditions (Table 2) shows no sig-
nificant change. However, by moving towards the
fourth odor, the alteration among the complexities
of EEG signals became more significant. It is wor-
thy of being mentioned that the coupling among the
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Table 2 Comparison of EEG Signals’ Fractal Dimen-
sions.

Pair p-Value Effect Size (r)

First odor (pineapple) versus
second odor (banana)

0.9912 −0.0777

First odor (pineapple) versus
third odor (vanilla)

0.8688 −0.2093

First odor (pineapple) versus
fourth odor (lemon)

0.6591 −0.3451

Second odor (banana) versus
third odor (vanilla)

0.9667 −0.1307

Second odor (banana) versus
fourth odor (lemon)

0.8307 −0.2641

Third odor (vanilla) versus
fourth odor (lemon)

0.9777 −0.1309

Fig. 7 The fractal exponents of R–R interval time series.
Error bars indicate standard deviations.

variations of EEG signals and HRV is considered in
this research, not the significance of their changes.
Furthermore, the effect sizes show that the fractal
exponent of EEG signals had the largest change in
response to the fourth stimulation.

Figure 7 shows the fractal exponents of the R–R
interval time series.

As shown in Fig. 7, the R–R time series had the
smallest fractal exponent in response to the first
stimulation. Therefore, it can be said that HRV had
the lowest complexity in this period. The results
show that the R–R time series’ fractal dimension
increases in response to the first, second, third, and
fourth stimuli. The increment in the odors’ com-
plexity is reflected in the increase of the fractal
exponent of HRV, which indicates their correlation.

Comparing the fractal exponents of the R–R
time series among various conditions (Table 3)
shows no significant change. However, by moving
towards the fourth odor, the alterations among
the complexities of the R–R time series became

Table 3 Comparison of R–R Time Series’ Fractal
Dimensions.

Pair p-Value Effect Size (r)

First odor (pineapple) versus
second odor (banana)

0.9762 −0.1072

First odor (pineapple) versus
third odor (vanilla)

0.9191 −0.2209

First odor (pineapple) versus
fourth odor (lemon)

0.8657 −0.2709

Second odor (banana) versus
third odor (vanilla)

0.9949 −0.0610

Second odor (banana) versus
fourth odor (lemon)

0.9790 −0.1009

Third odor (vanilla) versus
fourth odor (lemon)

0.9986 −0.0548

Fig. 8 Sample entropies of EEG signals. Error bars indicate
standard deviations.

more significant. As previously mentioned, the cou-
pling of EEG signals and HRV is considered in
this research, not the significance of their alter-
ations among various conditions. Furthermore, the
effect sizes show that the fractal exponent of HRV
had the biggest change in response to the fourth
stimulation.

Comparison of Fig. 6 and Table 2 with Fig. 7
and Table 3 shows the similar trend of variations
for the complexity of EEG signals and HRV in dif-
ferent conditions. Furthermore, the coefficient of
0.9551 indicates a strong coupling of EEG signals
and HRV.

As was mentioned before, we verified the fractal
analysis results by computing the sample entropy
of signals, as illustrated in Fig. 8.

As shown in Fig. 8, the sample entropy of EEG
signals has the smallest value in the first stimula-
tion. The results show that EEG signals’ sample
entropy increases in response to the first, second,
third, and fourth stimuli. The increment in odors’
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Table 4 Comparison of EEG Signals’ Sample
Entropies.

Pair p-Value Effect Size (r)

First odor (pineapple) versus
second odor (banana)

0.9913 −0.0829

First odor (pineapple) versus
third odor (vanilla)

0.9801 −0.1094

First odor (pineapple) versus
fourth odor (lemon)

0.9458 −0.1575

Second odor (banana) versus
third odor (vanilla)

0.9989 −0.0262

Second odor (banana) versus
fourth odor (lemon)

0.9940 −0.0768

Third odor (vanilla) versus
fourth odor (lemon)

0.9981 −0.0516

Fig. 9 Sample entropies of R–R time series. Error bars indi-
cate standard deviations.

complexity is mapped to the increase of the com-
plexity of EEG signals, which indicates their corre-
lation.

Comparing the entropy of EEG signals (Table 4)
shows no significant change. However, by moving
towards the fourth odor, the alteration among the
complexities of EEG signals became more signifi-
cant. Furthermore, the effect sizes show that the
entropy of EEG signals had the largest change in
response to the fourth stimulation.

Comparison of Fig. 8 and Table 4 with Fig. 6 and
Table 2 shows the similar trend of variations for
the entropy and fractal exponent of EEG signals.
Furthermore, the correlation coefficient of 0.9538
demonstrates that the entropy analysis validated
the fractal analysis results for EEG signals.

Figure 9 illustrates the sample entropies of the
R–R time series.

As shown in Fig. 9, the HRV had the small-
est entropy in the first stimulation. We can under-
stand that HRV’s entropy increases by presenting

Table 5 Comparison of R–R Time Series’ Sample
Entropies.

Pair p-Value Effect Size (r)

First odor (pineapple) versus
second odor (banana)

0.9987 −0.0235

First odor (pineapple) versus
third odor (vanilla)

0.4116 −0.6057

First odor (pineapple) versus
fourth odor (lemon)

0.3339 −0.6492

Second odor (banana) versus
third odor (vanilla)

0.4015 −0.3802

Second odor (banana) versus
fourth odor (lemon)

0.3210 −0.4180

Third odor (vanilla) versus
fourth odor (lemon)

0.9979 −0.0616

the first–fourth odors. The increment in odors’ com-
plexity is reflected in the increment of the entropy
of HRV, which indicates their correlation.

The comparisons of HRV’s entropies between dif-
ferent conditions in Table 3 show no significant
change in the complexity of HRV between differ-
ent conditions. Furthermore, as can be seen in this
table, the fourth odor had the biggest effect on the
complexity of HRV.

Comparison of Fig. 9 and Table 5 with Fig. 7 and
Table 3 shows the similar trend of variations for the
sample entropy and fractal dimension of HRV in dif-
ferent conditions. Furthermore, the correlation coef-
ficient of 0.8826 demonstrates that the analysis of
sample entropy validated the fractal analysis results
for HRV. Furthermore, we compared the coupling of
the variations in the entropies of EEG signals and
HRV. The result (r = 0.8407) demonstrates their
strong coupling.

Therefore, the complexities of HRV and EEG sig-
nals are strongly correlated, which means a strong
correlation between heart and brain reactions.

5. DISCUSSION

We evaluated the coupling of brain and heart reac-
tions by quantifying the complexity of EEG signals
and HRV. For this purpose, four odors with dif-
ferent molecular complexities were applied to sub-
jects. Accordingly, we quantified the complexity of
recorded signals using fractal theory. Besides, we
computed the sample entropy of signals.

According to the findings, by applying bigger
variations in the odors’ complexity, bigger varia-
tions happened in the EEG signals’ complexity.
Similar results were observed for the variations in
the complexity of HRV. Based on the findings, a
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more significant increase in the odors’ complexity
causes a more significant increase in the complex-
ity of HRV. Pairwise comparisons using statistical
analyses also supported these results. Based on the
Pearson’s correlation coefficient, a strong positive
coupling was obtained among the complexities of
EEG signals and HRV. Therefore, the complexities
of EEG signals, HRV, and odors are correlated.

Therefore, the alterations in the responses of the
heart and brain and applied olfactory stimuli are
coupled. Our methodology (simultaneous applica-
tion of fractal theory and sample entropy) is one
step forward compared to the studies62–64 that only
focused on employing techniques that are depen-
dent on the length of the data, without consider-
ing that the HRVs of subjects may have different
lengths even for the same length of data recording,
and it can affect the results.

When we smell an odor, ERPs capture electri-
cal responses in the cortex due to the stimulus.65

Then, ANS will communicate with the cardiac sys-
tem. When the heart’s intrinsic nervous system pro-
cessed the information, signals are transferred to
the heart’s sinoatrial node and other tissues in the
heart.66 In Ref. 67, it was shown that smelling a
more complex odorant causes evocation of more
olfactory notes. Due to the heart–brain connec-
tion, the alterations in complexities of the R–R
time series are like the alterations in the EEG sig-
nals’ complexity in response to various olfactory
stimuli. The findings for the heart’s responses to
odors are correct in comparison with the results in
Ref. 68 that indicate the variations in the R–R time
series due to sniffing various odors. Furthermore,
the alterations of the EEG signals’ complexity can
be verified by comparing them to the reported
investigations in the literature. As an example, in
Ref. 69, it was shown that the complexity of EEG
signals increases with an increase in the molecular
complexity of applied odors to subjects.

Although the exact descending pathway for the
autonomic and cardiovascular effects of olfactory
stimulation is not certain, however, the neural
connection of the hypothalamic tuberomammillary
nucleus and the suprachiasmatic nucleus could be
part of the neural pathway.70 The details of the
mechanism are not clear, and further studies will
be required.

In this study, we considered the coupling among
the brain and heart responses to various olfactory
stimuli. We can further evaluate this coupling in
the case of other stimuli. As an example, we can

present different auditory stimuli with various com-
plexities71 to subjects and then investigate how the
complexities of EEG signals, HRV, and auditory
stimuli are correlated. We can also evaluate the cou-
pling among other organs (e.g. skin) and the brain
due to stimulation. Since the human body is con-
trolled by the brain, we expect to see similar syn-
chronizations.

We can conduct similar investigations on patients
with various heart and brain disorders. Thus,
we can discover heart–brain synchronization when
these organs have disorders that affected their activ-
ities. Modeling of the relationship between HRV
and EEG signals versus stimuli is another poten-
tial future work that can help in the prediction
of HRV according to the influence of stimuli on
brain activity. To do this, we can potentially benefit
from mathematical modeling (e.g. fractional diffu-
sion equations72).

This study analyzed the interaction among the
brain and heart. Besides correlation with the brain,
various organs also interact with each other.73

Therefore, we can potentially extend our investiga-
tion and analyze the complex structures of different
biosignals (e.g. EMG and ECG signals).

All these studies can help researchers decode
the relationship among different organs’ activities
versus brain activities, which significantly impacts
health sciences.
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