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A Robust Bimodal Index Reflecting Relative
Dynamics of EEG and HRV With Application in

Monitoring Depth of Anesthesia
Nooshin Bahador and Jukka Kortelainen

Abstract— Supplemental information captured from HRV
can provide deeper insight into nervous system function
and consequently improve evaluation of brain function.
Therefore, it is of interest to combine both EEG and HRV.
However, irregular nature of time spans between adjacent
heartbeats makes the HRV hard to be directly fused with
EEG timeseries. Current study performed a pioneering work
in integrating EEG-HRV information in a single marker called
cumulant ratio, quantifying how far EEG dynamics deviate
from self-similarity compared to HRV dynamics. Experimen-
tal data recorded using BrainStatus device with single ECG
and 10 EEG channels from healthy-brain patients undergo-
ing operation (N = 20) were used for the validation of the
proposed method. Our analyses show that the EEG to HRV
ratio of first, second and third cumulants gets systematically
closer to zero with increase in depth of anesthesia, respec-
tively 29.09%, 65.0% and 98.41%. Furthermore, extracting
multifractality properties of both heart and brain activities
and encoding them into a 3-sample numeric code of relative
cumulants does not only encapsulates the comparison of
two evenly and unevenly spaced variables of EEG and HRV
into a concise unitless quantity, but also reduces the impact
of outlying data points.

Index Terms— Unevenly spaced time series, multimodal-
ity, fusion, dimensionality reduction, heart rate variability,
electroencephalography.

I. INTRODUCTION

HEART rate variability (HRV) is referred to variation
of the time span between consecutive heartbeats over

time [1]. This beat-to-beat variation reflect the oscillating
nature of regulation mechanism within autonomic nervous
system (ANS). Interaction between the cortex and cardio-
vascular systems and adjustment of heart to the responses
from cortex induces these changes and therefore measuring
the amplitude of these changes provides an indirect measure
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of sympathetic and parasympathetic activities of autonomic
nervous system. Thus, HRV and Electroencephalograph (EEG)
can be highly correlated, and their joint information can give
important insights into heart-brain communication [2].

Many studies have attempted to provided evidence indi-
cating a correlation between EEG and HRV. Complexity of
EEG and HRV were shown to be correlated while expe-
riencing emotions [3]. Convergent cross mapping analysis
demonstrated the correlation between IMF envelop of EEG
and HRV, and surrogate data analysis confirmed the statistical
significance of nonlinear metrics estimated from them [4].
HRV and EEG spectral measures were compared in some
studies [5]. Relationship between sample entropy extracted
from HRV and Wiener entropy extracted from EEG was
also investigated [6]. The existence of directional causal rela-
tionship between combination of intrinsic mode functions of
HRV and band powers of EEG was verified using Granger
causality test [7]. Correlations between the EEG delta power
and normalized HF power of HRV as well as correlation
between the fractal property of HRV and EEG fast-wave
oscillation were also verified [8].

Despite repeated attempts to provide evidences of exis-
tence of correlation between EEG and HRV, it’s remained
unknown how HRV information should be integrated with
other modalities like EEG. Some studies focused on fusion
in decision level. In these studies, EEG-based and ECG-based
decisions from separate networks were fused to obtain a final
decision [9]. Others have attempted to find a linear combi-
nation of EEG and HRV information which have maximum
correlation with each other [10]. Feature fusion was another
solution offered by researchers. In these studies, HRV features
including LF and HF energies, Shannon entropy, standard
deviations and LF/HF ratio were fused with EEG features
like different band energies and peak frequency [11]. Since
HRV timeseries are collected based on irregular time spans
due to variable duration of adjacent heartbeats, they are very
hard to directly fused with EEG signals and needs some
extra consideration and preprocessing. In order to make the
EEG–HRV feature fusion possible, the sampling rates of the
two signals must match. To deal with issue of EEG–HRV
mismatch, linear interpolation was suggested as solution [11].

One of the challenging conditions is during anesthesia
where there are a lot of changes in both HRV and EEG.
Although HRV and EEG have been introduced as effective
parameters in describing autonomic nervous and central ner-
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TABLE I
DETAILS REGARDING ALL PARTICIPANTS INCLUDED IN THE STUDY

vous system activities, there has been no report in directly
combining EEG and HRV signals during anesthesia. Monitor-
ing the depth of anesthesia is generally referred to tracking
the reversible state induced by anesthetic drug. This state
includes different stages of baseline (BL), infusion, loss of
verbal contact (LVC), slow-wave activity (SWA) and burst
suppression patterns (BSP). measuring the depth of anesthesia
and monitoring the process of loss of consciousness could be
considered as an important challenge from the clinician’s point
of view. Two common ways of measuring depth of anesthesia
involves computerized analysis of brain activity, monitored by
EEG as well as computerized assessment of HRV, measured
by Electrocardiogram (ECG).

In current study, a new method is proposed to combine
both EEG and HRV information. The data associated with
anesthesia induction is used for validation. That is the con-
dition in which neural function as well as sympathetic and
parasympathetic activities change, and these changes have
significant effect on both EEG and HRV. This study shows
that the proposed approach can capture these changes in
a very simplified form. The hypothesis in this method is
that each anesthesia stage could be represented by a unique
multifractal property. There would be no need for matching
EEG and HRV signals in this technique. It also reduces
the workload and transfer rate of multichannel data, while
reflecting sympathovagal balance. This fusion technique can
be applied to analysis of any kind of multimodal unevenly
spaced time-series data with far lower computational cost.

II. MATERIALS AND METHODS

A. Data Collection

The data collection approval was given by Northern Ostro-
bothnia Hospital district local ethics committee and informed
written consents were collected from twenty adult participants
scheduled for an elective surgical operation. Table I gives
the details regarding all included participants. Subjects with
cardiovascular or neurological diseases or a body mass index
over 30 were excluded. No premedication was used. During
the experiments, the participants were monitored according the
standard procedure of the operating room, and EEG and ECG
recordings were done using the BrainStatus self-adhesive elec-

Fig. 1. Block diagram of the pre-processing phase of ECG.

trode and wireless device. The EEG channels included Fp1,
Fp2, F7, F8, Af7, Af8, Sp1, Sp2, T9, and T10 [12], [13]. The
signals used in the analysis were recorded during the induction
of anesthesia with propofol. The procedure included the fol-
lowing steps: 1) Baseline recording of at least 2 min. 2) Begin-
ning of propofol infusion with a fixed rate of 30 mg/kg/h.
3) Observation of the moment for loss of obeying verbal
command (LVC) i.e. the time at which the patient stops
squeezing anesthesiologist’s hand after command (“squeeze
my hand”). 4) Observation of the moment for occurrence of
burst suppression pattern (BSP) i.e. the time at which clear
suppres-sion periods occur in the EEG. 5) Ending of the
recording after at least 2 min of BSP.

The EEG preprocessing was preceded by high-passed filter-
ing at 0.1 Hz and low-passed filtering at 32 Hz. Both EEG and
HRV sequences were visually inspected and those sequences
including different artifacts were excluded from further study.
The ECG preprocessing was first preceded by applying a series
of filters. Then, R peaks were enhanced by taking derivative,
squaring, and integrating. Figure 1 shows the steps of pre-
processing phase of ECG. All the records had the same length
of 30 second. Matlab software was used for all the analyses.

B. Proposed Fusion Algorithm

Since transition of consciousness causes variation in non-
linear dynamics of brain activities, it could also reflect in
change of dynamic behavior of autonomic nervous system and
subsequently variation in HRV dynamics. Therefore, a strong
hypothesis in current work is that quantifying the degree of
nonlinearity of EEG dynamics versus HRV dynamics can
distinguish the level of consciousness. Regarding this, scaling
exponents are able in describing the variation in local regu-
larity over time by reflecting nonlinear dynamics and unpre-
dictability of patterns within signal. Therefore, characterizing
the departure of scaling exponents of both EEG and HRV from
linearity and encoding them in a compressed indicator would
be a powerful measure in monitoring depth of anesthesia. The
main attempt of this study is investigating this fusion. The
key rational behind proposed fusion is that any variation in
dynamic behavior of evenly/unevenly spaced time series can
be characterized by its scaling exponent data regardless of
time-series length and its amplitude range. Scaling exponent
lying within a narrow numerical range and fixed sequence
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Fig. 2. Extracting largest coefficients in time neighborhood over finer
scales.

length can be generated, even in cases dealing with modalities
with different dimensions and heterogeneous amplitudes.

In what follows, the proposed steps for fusing EEG and
HRV recordings using cumulant ratios has been summarized:

Step 1: Computing wavelet leader coefficients of both EEG
and HRV signals. Wavelet leaders are referred to the time- or
space-localized suprema of absolute value of discrete wavelet
coefficients (the supremum in the time neighborhood over
finer scales). Figure 2 shows how largest coefficients in time
neighborhood were extracted over finer scales.

Step 2: Calculating the scaling exponents is based on the
estimating the cumulants of the log of the wavelet Leaders.
These scaling exponents are able to discriminate between
mono- and multifractal signals [14].

Multiresolution function for estimating the Holder exponent,
quantifying the local regularity [14], is defined as follow.
This so-called wavelet structure function is based on sum of
moments of coefficients suprema of the wavelet transform at
various scales and indicates that higher moments behave in
a power-like manner with the scale changing. In summary,
it displays power laws with respect to scale and order of
moment.

h(s, m) = 1

Ns

Ns∑

i=1

|ω(s, m)|m ∼= mζ(s) (1)

where s and m are respectively the scale and the moment. ω
and Ns are respectively the wavelet leader and the number of
wavelet leaders at each scale [14]. ζ (s) is the scaling exponent
which can be written as a polynomial in the regression mode
as follow,

ζ (s) =
∑

k≥1

bk
sk

k! = b1s + b2

2
s2 + b3

6
s3 + . . . (2)

The time series is monofractal or self-similar if ζ (s) be a
linear function, and multifractal if ζ (s) deviates from linear-
ity [14]. The coefficients bk can be related to the cumulants
of k order.

Step 3: Extracting first, second and third cumulants of
scaling exponents using the coefficients bk of the polynomial
expansion of (s), k : {1, 2, 3}.

Step 4: Taking the ratios of EEG cumulants to HRV
cumulants.

Step 5: Repeating the above steps for all channels and
concatenating the ratios.

C. Summary of Conducted Analyses

The conducted analyses in this study provided the following
results:

Fig. 3. An example of Heart rate variability (HRV) during BSP.

1- The first analysis was designed to track the variation
in patterns of HRV parameters for different anesthesia stages
across all subjects. Normalized median value of spectral power
distribution of HRV, normalized median value of spectral
components ratio of HRV and normalized average value of
heart rate variability for different stages across all subjects
in different frequency bands were extracted. Frequency bands
included very low frequency (VLF) of 3.3-40 mHz, low
frequency (LF) of 40-150 mHz and high frequency (HF) of
150-400 mHz. All the parameters were normalized to their
baseline values.

2- The second analysis was designed to track the variation in
patterns of EEG-HRV cumulant ratio for different anesthesia
stages across all subjects.

3- The third analysis was designed to evaluate the effect of
increasing window length of the proposed indexes.

4- The fourth analysis was designed to compare the
classification performance of a pre-trained deep learning archi-
tectures being fed by mosaics of fused EEG-HRV cumu-
lant ratio. This analysis used layer activation of pretrained
InceptionResNetv2 deep model [15] as features to train a
support vector machine (SVM) for classifying different stages
of anesthesia. The applied pretrained models have depth of
164, size of 209 MB, and 55.9 M parameters. The paral-
lel computing platform of Tesla P100-PCIE-16GB used for
implementing this deep structure.

III. RESULTS

The Pan-Tompkins algorithm [16] was used to detect QRS
complexes in ECG signals. Figure 3 shows a sequence of ECG
signal with marked R and Q waves as well as corresponding
HRV sequence during BSP.

For spectral analysis of unevenly spaced HRV sequences,
the Lomb time-frequency distribution was applied [17], [18].
According to the figure 4, HRV reduced during anesthesia.
As shown in figure 5, while both LF and HF components
were lower during anesthesia, increased very low frequency
component was observed during anesthesia. However, the
existence of outliers in figure 5 makes the distribution of com-
ponents strongly skewed and consequently harder to evaluate.
To reduce the effect of outliers and provide a less-skewed



2506 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 29, 2021

Fig. 4. Normalized average value of heart rate variability for different
stages across all subjects in different frequency bands: Very Low Fre-
quency (VLF) of 3.3-40 mHz, Low Frequency (LF) of 40-150 mHz and
High Frequency (HF) of 150-400 mHz.

Fig. 5. Normalized median value of spectral power distribution of HRV
(Upper images) and Normalized median value of spectral components
ratio of HRV (Bottom images) for different stages across all subjects in
different frequency bands: Very Low Frequency (VLF) of 3.3-40 mHz,
Low Frequency (LF) of 40-150 mHz and High Frequency (HF) of
150-400 mHz.

representation of these components, a logarithm transforma-
tion of skewed distribution was taken (Figure 6). Figure 6
shows that interruption of sympathetic activities, while leaving
parasympathetic neural pathways intact, results in depression
of both LF and HF components. Although taking this loga-
rithmic transformation makes highly skewed distribution less
skewed, the medians of different stages are still close together
and makes the patterns in the data a bit hard to interpret.

For making dynamic patterns in both EEG and HRV more
interpretable with deepening anesthesia, multifractality prop-
erties of them were extracted and encoded into a 3-sample
numeric code of cumulant ratios. Figure 7 shows the variation
of 1st, 2nd, and 3rd cumulant ratio of EEG to HRV with
deepening anesthesia. The 1st cumulant ratio captured the
linear behavior of EEG versus HRV scaling exponents. The
second cumulant ratio captured the first departure of EEG
versus HRV scaling exponents from linearity. The third 3rd

cumulant ratio characterized a more complicated departure of
EEG versus HRV scaling exponents from linearity. The similar
pattern of getting closer to zero with deepening anesthesia was
observed in all 1st, 2nd, and 3rd cumulant ratio, respectively
29.09%, 65.0% and 98.41%. As shown in figure 7, not only
the proposed index provided a less-skewed representation, but
also it made the patterns more interpretable during different
stages of anesthesia.

TABLE II
METRICS OF CLASSIFIER’S PERFORMANCE

A 30-second time window of ECG signal can provide us
with sufficiently extraction of most of the HRV and reflecting
the beat-to-beat variance in HR. We may lose HRV informa-
tion for the lower window size of ECG. Lower time window
does not provide enough temporal resolution. To check the
effect of increasing window length on proposed index, the
cumulant ratios have been calculated for a sample sequence
with different window lengths of 34s, 36s and 38s. According
to figure 8, the standard deviations of first, second and third
cumulant ratio for different window lengths are respectively
0.0055, 0.0160 and 0.0032. In general, the amount of variation
is not high and according to the results, the first cumulant ratio
is less sensitive to the window length.

In the last analysis, we explored how deep learning can
be utilized on these cumulant ratio data. For training the
InceptionResNetv2 network on EEG to HRV cumulants ratios,
the 1st, 2nd, and 3rd cumulant ratios of all channels were
taken and displayed as a mosaic. The resulting mosaic has
10 × 3 pixels where 10 is the number of EEG channels and 3
is the number of cumulant ratios. Figure 9 shows examples of
generated image for each stage.

The activations of last convolutional layer of
InceptionResNetv2 was then extracted and used as predictor
variables to fit a multiclass support vector machine. Table II
shows statistics calculated from the confusion matrix for
comprehensive study. Based on these statistics, it can be
found that by just using this compressed 3-sample numeric
code of cumulants ratios, a deep model is able to classify
the anesthesia stages. Applying pre-trained deep learning
model of InceptionResNetv2 on mosaic of fused EEG to
HRV cumulant ratios showed 86.25% precision in classifying
anesthetic depth as baseline, light anesthesia and deep
anesthesia.

IV. DISCUSSION

The HRV and EEG analysis refer to computer based
analytical tools that are used to quantify indexes describing
sympathetic and parasympathetic activities of autonomic ner-
vous system. One of commonly used analytical techniques is
power spectral density analysis using Fast Fourier Transform
(FFT) based methods in which frequency domain features
are extracted and used as independent predictor of anesthesia
depth. It has been reported that different behaviors of LF and
HF oscillations depends on the depth of anesthesia. When
it comes to HRV analysis in general, very low frequency
(3.3-40 mHz) has been mentioned to reflect as sympathetic
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Fig. 6. Logarithmic normalized median value of spectral power distribution of HRV (Left images) and Logarithmic normalized median value of
spectral components ratio of HRV (Right images) for different stages across all subjects in different frequency bands: Very Low Frequency (VLF) of
3.3-40 mHz, Low Frequency (LF) of 40-150 mHz and High Frequency (HF) of 150-400 mHz.

Fig. 7. EEG to HRV cumulants ratios for different anesthesia stages across all subjects.

activity. LF (40-150 mHz) has been mentioned to reflect
sympathetic and parasympathetic control. HF (150-400 mHz)
has been mentioned to reflect parasympathetic control. LF/HF
of HRV has been also reported to correlate with sympathetic
to parasympathetic activity and introduced as an indicator of
changes in sympathetic component over the parasympathetic
component. Reduced HF power and increased LF power in
HRV have been also mentioned to be associated with an
increase in sympathetic activity [19], [20]. The reports of pat-
terns of change in HRV parameters with deepening anesthesia
were summarized in table III [21]–[28].

The aim of many studies was to determine whether HRV
and EEG are related to each other [10], [28]–[36]. It has been

reported that fractal scaling exponents of HRV reflects auto-
nomic readjustments [31] and sympathovagal modulation [32],
and measures how HRV changes over time [33]. Relationship
between scaling exponent values with autonomic nervous
system development has been studied [34]. One study inves-
tigated the correlation between HRV parameters (LF, HF and
LF/HF) and EEG parameters (scaling exponent) on autonomic
nervous system activity and central nervous activity during
general anesthesia [35]. By contrast, the correlation between
scaling exponent derived from HRV and frequency bands
power of EEG were explored in another work [36]. Other
techniques used for EEG-HRV analysis included canonical
correlation [10], nonlinear features like correlation dimension
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Fig. 8. The effect of increasing window length on cumulant ratios.

Fig. 9. Generated mosaic of cumulant ratios for each stage (Row and column in the generated mosaic respectively correspond to each EEG channel
and cumulant ratio).

(dimensionality of dynamics of attractor) and largest Lyapunov
exponent [29], convergent cross mapping and partial directed
coherence [4], and correlation between delta power and heart
rate variability [30].

Considering the importance of scaling exponents, this study
showed that for combining two different modalities of EEG
and HRV, which one is evenly spaced time series, and other
is a dimensionless unevenly spaced time series with quite
different amplitude range, extracting the trajectories of nonlin-
ear dynamics information and encoding them into a 3-sample
numeric code of cumulants ratios would not only reduce
the workload of multichannel data, but also it could reflect
variations in local regularity of EEG versus HRV and can
be used for monitoring the interaction of autonomic and cen-
tral nervous system activities during anesthesia. Furthermore,
this proposed index showed the capability of providing a
less-skewed representation when it comes to outliers, particu-
larly for first and third cumulant ratios.

One disadvantage of proposed fusion technique is that
with smaller cardinality (3-sample) available to describe the
nonlinear dynamics information, more patterns will be blended
together basically because of a lack of options. This is simply
a trade-off between compression and accuracy.

The present study has some limitations as well. First, the
sample was restricted to subjects with body mass index below
30. Second, we only collected the data from healthy brain-
heart participants. There were no subjects with cardiovascular
or neurological diseases between participants. Third, the data
was only collected from participants with unbalanced gender

composition. Fourth, despite the same biochemical interaction
of other anesthetic drugs which likely yield same results as
those presented in this work, a broader research is required
to prove this. Age was a significant factor of EEG spectral
power, and it is a limitation of this work that the status of the
children was not recorded. Furthermore, the EEG and HRV
may indeed track to some extent also different components of
anesthesia, i.e. unconsciousness and analgesia. This could pose
challenges but also provide opportunities in clinical use which
needs further studies in future work. In addition, for optimal
evaluation of the graded propofol effect, lower infusion rate
should have been used. The higher rate was chosen due to
limitations related to the clinical setup: the patients were
to go through a surgical operation due to which the time
reserved for the recording was limited. The drug infusion rate
may indeed affect the relation between changes in HRV and
SWA. Furthermore, we did not reach fully suppressed EEG in
the clinical protocol. Instead, the recording was stopped two
minutes after the occurrence of first clear suppression period
(sometimes a bit faster due to clinical reasons).

Despite the above limitations, the current study is an initial
step in considering relative dynamics of EEG and HRV in
monitoring depth of anesthesia and will inspire subsequent
studies to explore more robust and accurate metrics.

For our future work, we need to collect data from other
patient groups with cardiovascular or neurological diseases and
we need to include equal number of females and males in order
to increase the reliability of our experimental results. Future
research should also analyze the data in children’s groups.
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TABLE III
PATTERNS OF CHANGE IN HRV PARAMETERS WITH DEEPENING ANESTHESIA

We will also continue to improve classification performance of
deep learning model being fed by mosaics of fused EEG-HRV
cumulant ratio which will enable the generalization of our deep
learning model.

V. CONCLUSION

As supplemental information captured from HRV can
improve the EEG-based evaluation of brain function during
induction of anesthesia, this study attempted to show that
nonlinear dynamics information of HRV can be fused with
nonlinear dynamics information of EEG using scaling expo-
nents cumulants. This fused information was encoded in a
compressed form of first, second and third cumulant ratios and
demonstrated to be effective indicators for monitoring depth
of anesthesia.

APPENDIX

The BrainStatus device included device adapter, BrainStatus
disposable EEG electrode, USB-cable for charging and data
transfer, BrainStatus EEG monitoring and analysis PC soft-
ware, ECG electrode cable and ECG electrodes. The sampling
frequency was 250 Hz when using all channels of BrainStatus

TABLE IV
OTHER TECHNICAL SPECIFICATIONS OF BRAINSTATUS DEVICE

electrodes. In order to place BrainStatus electrode at correct
vertical level on the forehead it was essential to define the
distance between the nasion and the inion of the subject.
The nasion was the point of the frontonasal suture that joined
the nasal part of the frontal bone and the nasal bones. The inion
was a small protuberance on the external surface of the back of
the skull near the neck. The correct distance of the electrodes



2510 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 29, 2021

Fp1 – Fp2 from the nasion was 10% of the distance between
nasioninion. ECG electrode was placed on the left side of the
chest at the site of lowest rib and then the ECG cable was
connected to the electrode [37].

Other technical specifications of the device are written in
Table IV [37].
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