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Abstract

Anesthesia is an important part in modern surgery, and the way how to effectively
monitor the depth of anesthesia (DOA) is core issue in the anesthesia work. Since
anesthetics mainly affected the brain of patients, it is very effective to monitor DOA by
electroencephalogram (EEG). This paper proposes a method for monitoring DOA using
EEG. First, the sample entropy (SampEn) of EEG were calculated as a feature vector.
Simultaneously, the Burg recursive algorithm was used to solve the autoregressive
model (AR model) and AR coefficients were extracted as feature vectors. Later,
according to the characteristics of uneven distribution of sample points, the weighted
k-nearest neighbor (WKNN) classifier was selected. The Anesthesia was divided into
awake, mild, moderate and deep by WKNN classifier. According to the results, the
correlation coefficient between the SampEn of the EEG and Bispectral Index (BIS) is
above 0.8. There is a correlation between the first five orders of AR coefficient and the
BIS index, and the correlation of the second order reaches 0.8. Through the validation
of 30 patients, this method can assessment of DOA effectively and accurately.

Keywords: electroencephalogram; sample entropy; autoregressive model; weighted
k-nearest neighbor; depth of anesthesia

Introduction

Considering the safety and efficiency of surgery, it is very necessary to make the
research on non-invasive anesthesia depth monitoring. Excessive doses of anesthetic
during anesthesia can lead to delayed recovery and coma [1] and insufficient doses of
medication may keep the patient status at near consciousness [2]. Thus, guiding the
anesthesiologist to use anesthetic agents accurately can rely on the accurate judgment
of the anesthesia depth. At the same time, it can ensure the comfort and safety of
patients during the surgery [3].

The traditional method of monitoring depth of anesthesia (DOA) is to use clinical
features such as breathing, sweating, heart rate, limb movements, blood pressure, and
pulse [4]. However, the variation could be generated in these parameters depending on
the patient and the surgery type. In addition, clinical features are easily altered with the
use of vasodilators and muscle relaxants [5]. Therefore, these clinical features have
significant limitations in evaluating DOA.

In the past decades, using electroencephalogram (EEG) signals to monitoring DOA
has become a research hotspot. Hutt and Longtin et al [6] found that brain is directly
affected by anesthetic drugs, and they proposed the method that using EEG signals to
monitor DOA was very efficient, accurate, safe, and non-invasive. Recently, common
equipment based on EEG to monitoring DOA mainly contains Bispectral Index (BIS)
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[7] and M-Entropy module [8] BIS uses a complex algorithm to divide the depth of
anesthesia into 0 to 100 index, which was commonly used in hospitals. However, BIS
also has some limitations, such as the sensitivity to artifacts [9] and a delay in response
to change in EEG [10]. M-Entropy module, developed by Datex-Ohmeda, this method
was implemented by calculating the spectral entropy of the EEG signals, and the fast
Fourier transformation (FFT) was used in calculating the spectral entropy. Despite FFT
is a linear algorithm, many studies have showed that EEG signals are non-linear random
signals.

Recently, methods for EEG signal analysis have developed very rapidly, and these
methods have been widely used in DOA. Since the EEG signal is a nonlinear signal,
the nonlinear method has been favored by researchers, such as Lyapunov exponent [11],
L-Z complexity analysis [12], Bayesian method [13,14], Hilbert—-Huang transform [15],
recurrence analysis [16], Detrended Fluctuation Analysis (DFA) [17], and Entropy [ 18-
20]. Although these methods can initially extract the characteristics of EEG signals,
they have a common flaw: none of these parameters can independently monitor DOA.
Therefore, many studies extracted the characteristics of EEG signals using multiple
parameters [21,22].

This study aim to monitoring DOA using EEG signals, which mainly includes two
steps of feature extraction and anesthesia staging. First, AR coefficient and sample
entropy were extracted from EEG signals. Then, we classify the EEG signals according
to the extracted feature values into different anesthesia states using the WKNN
classifier. This method divides the anesthesia status into four different levels like most
current research.

Methods

Data collection

In this experiment, BIS monitor is used to acquire two channels EEG signals, which
produced by Aspect and sampling frequency is 256 Hz. The data was collected via BIS
monitor's matching electrode. All EEG signals include complete data between awake
and anesthesia. The BIS index value was recorded to provide clinical proof, while
collecting the EEG signals. Thirty patients were collected data, whose ages from twenty
to sixty. The data collected by BIS monitor includes EEG signals, EMG signals,
location of the EEG when BIS index updated and signal quality information. The
patient did not have any brain disease and did not take any drugs that affected the
anesthesia before the operation. All patients are aware of the experiment purpose and
method of the trial and signed the informed consent form.

Signal preprocessing

Factors such as environment during the signal acquisition, acquisition method and
surgical operation make the collected EEG signals contain a lot of noise. Because the
EEG signal is weak and the external noise is generally relatively strong, the features
contained in the EEG signal are easily covered by external interference. If noise can not
be eliminated, feature vectors will be inaccurate. Empirical Mode Decomposition
(EMD) was used when noise is removed. Comparing the original signal and the filtered
signal, the baseline drift in the EEG signal can be eliminated.
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Fig 1. Filtering of noise in EEG signals. (a) Original EEG signals collected during anesthesia.
(b) Original EEG signal are filtered by EMD.

EEG signal is segmented by sliding window, the window length is 2560 (10
seconds of EEG signals) and step size is 512 (2 seconds of EEG signals). Then, each
segment of EEG signals was analyzed and the feature vectors related to the depth of
anesthesia is extracted. In this paper, sample entropy and AR model were used to
analyze EEG signals.

Fig 2. Move window length and step size. The end of the window corresponds to the position
of EEG signal when BIS is updated

Sample entropy

Sample entropy is a nonlinear analysis method proposed by Richman JS and
Moorman JR [23], which is a method based on approximate entropy. Sample entropy not
only has all the advantages of approximate entropy, but also avoids statistical
inconsistencies in approximate entropy. Due to the non-nonlinear characteristic of EEG
data, sample entropy is widely used in the analysis of EEG signals [24]. Given the one-
dimensional time series. {x(i)} i=1,2,--- ,N, the algorithm for sample entropy is as

follows:
1) Extracting N-m+1 vectors Y,,(i) from X(i) is defined as:
Y () =[x@) x(i+1)..x((+m-1)], 1<i<N-m+1 (1)
2) Compute the distance between Y(i)and Y, (j) for each i defined as
A[Y m(D),Ym()]
dly, .Y, (=, o xG+0)=x(+K)], i, j =12, N=m+1i # j 2)

3) Given the threshold » (+>0), Calculate the number of d[Y,(i),Y(j)] less than r
as A'}(r), and the B'}(r) is defined as:

B 0= (3)

4) Calculate the average value of B}'(r):
m _ 1 N-m _m . 4
B ()=~ "B 4)

5) Let m=m+1, repeat 1)~4), get B™*1(r)
6) The sample entropy of the x(i) is:

sampEn(n.r) = iYLy (5)

In the actual calculation, since the sequence length is limited, the estimated sample
entropy of the sequence is obtained :
_ Bm+l (}")
sampEn(m,r) = B"(r) (6)
Obviously, the value of the sample entropy is related to m and r. Usually take m=2
or 1, r=0.1~0.25 sd (sd is the standard deviation of the sequence)[25], In this study, the
value of m is 2, r equals 0.2sd and signal length N is 2560. The specific data processing
process is as follows
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First, a sliding window was added to the EEG, which window length is 2560 sample
points and window step size is 512 sample points (number of samples taken in 2second).
Then, SampEn of the signal in the window was calculated. Final, correlation analysis and
trend comparison were conducted according to sample entropy and BIS values.

Autoregressive model

As an effective method to represent the internal information and characteristics of
the signal [26], autoregressive (AR) model plays important role in EEG signals analysis.
Such as Brain Computer Interface (BCI) [27], Judgement of schizophrenia [28],
hypnosis levels [29] and analysis of sleep [30], epilepsy diagnosis [3 1]Errer! Reference source
not found. 94 emotion recognition [32]Err0r! Reference source not found. Ty AR model each
sample has a relationship with all the samples in front of it. The AR model can be
expressed as:

x(n) = —Z; ax(n—i)+e(n) (7)

Where: e(n) is a white noise; parameter p is the order of the AR model and ajis AR
coefficient. AR coefficients can reflect the dependency weight of the signal x(») and
the previous signal effectively. There are many ways to obtain the AR coefficient. Here,
the Burg algorithm is used to obtain the AR coefficient. By analyzing the AR coefficient,
five AR coefficients, which have the highest correlation with the BIS value, were used
as the characteristics of the EEG signals.

Weighted K-Nearest Neighbor

K-Nearest Neighbor (KNN) has the advantages of simple algorithm and accurate
classification, and is used in many aspects. Its principle is that the category to which
the sample belongs determined by its nearest k neighbors. The input sample was
classified into the class which is the majority of the k neighbors belongs to. First, the
method calculated the Euclidean distance from input point to the points in the data set
[33]Err0r! Reference source not found.. The expression is as follows:

Li = Zj‘:l(sj _Sij)2 (8)

S; is the input point, and Sj; is the point in the data set. Then, sort the points in the
training set in descending order by distance, and select the first K points. Finally, input
samples are assigned to a class that has the largest share of K points. So the choice of
K value is extremely critical in KNN algorithm. If the K value is too small, insufficient
number of adjacent parameter points, and the express feature of the reference point can
not be expressed sufficiently which will bring huge errors. If the K value is too large, it
is easy to select a reference point that is far from the sample point, which leads to
inaccurate results.

Based on the KNN, a new algorithm WKNN has been widely used [34,35], and the
classification effect of WKNN was better than KNN. Due to the imbalance of sample
distributions, the majority of the K neighbors had a large sample size when a new
sample is input. This phenomenon can lead to misclassification. In this study, the
distribution of anesthesia samples at various anesthesia stages is uneven, so WKNN
was selected as the classifier.

Results and Discussions
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Relationship between sample entropy and depth of
anesthesia

A section of EEG signals was extracted through the sliding window, and then the
SampEn of EEG signals was calculated. To determine whether sample entropy can
evaluate the depth of anesthesia, the obtained sample entropy and BIS value trend were
used for comparison. As shown in Fig.3a, the BIS value curve is the depth of anesthesia
detected by BIS equipment, and the SampEn curve is obtained by linear multiplication.
It can be seen from the curves that the trend of sample entropy is consistent with the
trend of DOA.

Fig 3. Comparison of results between BIS and Sample Entropy. (a) Sample Entropy and BIS
trend. (b) Box chart of BIS value and sample entropy.

To reflect the SampEn of EEG signals at four DOA states directly, SampEn of the
EEG is calculated and the values of the four states are about 35, 50, 70 and 90. Fig.3b
indicates that the difference between sample entropy of EEG signals during wake, mild
and moderate anesthesia is significant. Although sample entropy is overlapped between
moderate and deep anesthesia, sample entropy during moderate anesthesia is
significantly higher than deep anesthesia.

The correlation between EEG sample entropy and BIS value was analyzed to verify
the relationship between EEG signals entropy and DOA. The results show that the
correlation is 0.84 and correlation is significant at 0.01 level (2-tiailed). It proves that
sample entropy has a strong correlation with BIS value, so it is feasible that use sample
entropy to monitor DOA.

Relationship between sample entropy and depth of
anesthesia

The correlation between the AR coefficient and the BIS value was calculated. By
comparing the correlations, the AR coefficient associated with BIS was selected to
monitor DOA. Table.1 denotes that there is a correlation between the first five orders
of AR coefficients and the BIS values and the other AR coefficient has no relationship
with the BIS value. Therefore, the AR coefficient of the first five orders is used as the
feature vectors for monitoring DOA.

Table 1. Correlation between AR coefficient and BIS value

AR coefficient 1 2 3 4 5 6 7 8
Pearson correlation -367%* .805™  -.645™  -594"  -350™ 129" 0.056  0.056
Sig (2-tailed) 0 0 0 0 0 0.001 0.159 0.162
N 6670 6670 6670 6670 6670 6670 6670 6670

** Correlation is significant at 0.01 level (2-tiailed)

To reflect the AR coefficient of EEG at four DOA states directly, EEG with BIS
values of 35, 50, 70 and 90 were obtained. First five orders of AR coefficients of EEG
under different DOA were calculated. Fig.4b indicates that the second order AR
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coefficient decreased obviously with the increase of anesthesia depth. It can be seen
from Fig.4 that another AR coefficients were different under different anesthesia, but
the phenomenon was not as obvious as the second order AR coefficient.

Fig 4. AR coefficient of EEG at four DOA states. (a)~ (¢) Box chart of BIS value and first
order to fifth order of AR coefficients. (f) Second order of the AR coefficient and BIS trend.

The second order of AR coefficient with the highest correlation was selected to
compared with BIS value. In Fig.4f, the second order of AR coefficient curve was
obtained by linear multiplication. Fig.4f reflects that, the trend of the AR coefficient
and DOA is similar just like the sample entropy. Although there is a difference between
the two curves during deep anesthesia, the trend of the curves is consistent with the BIS
values during other anesthesia depths. Like sample entropy, the second order of AR
coefficients are calculated when anesthesia depth around 35, 50, 70 and 90. The second
order of AR coefficients in awake, mild anesthesia, moderate anesthesia, and deep
anesthesia are significantly different. Fig.4b illustrates that the second order AR
coefficient decreased obviously with the increase of anesthesia depth.

Feature vector selection and classification

AR coefficient and SampEn were used as feature vectors to select the value of
parameter K in WKNN through optimization. The recognition rate shows a trend of
increasing first and then decreasing when the K value increases. The recognition rate
reaches the maximum when K is equal to seven. WKNN needs to calculate the distance
from the test point to all sample points. In order to reduce the calculation amount and
improve the recognition rate, the AR coefficient was selected as the perfect combination.
As can be seen from Fig.5b, when a single AR coefficient was taken as the feature
vector, the recognition rate of the second order of AR coefficient reaches about 75% at
the maximum and the recognition rate of the first order of AR coefficient is only about
45% at the minimum. The AR coefficients were combined according to the recognition
rate from high to low. The AR coefficient combination, whose recognition rate is
optimal, is the second order to the fifth order.

Fig 5. Parameter optimization. (a) K value and recognition rate. (b) AR combination and
recognition rate. Error bars represent the standard deviations of the independent measurements

Through applying the AR coefficients and sample entropy as feature vectors, the
depth of anesthesia was divided into awake (81-100), mild anesthesia (61-80), moderate
anesthesia (41-60), and deep anesthesia (0-40). From the results of Fig.5, the K value
is seven in the WKNN and AR coefficients is taken from the second order to the fifth
order. In Fig.6, all depths of anesthesia present a high recognition rate. The results show
that the recognition rate under deep anesthesia is the lowest, recognition rate under light
anesthesia is the highest and the overall recognition rate reaches 88.71%.
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Fig 6 Recognition rate of DOA. WKNNN is used for classification, the feature data constructs
a training set and a test set separately according to 4:1, and the recognition rate of each state
is counted.

The WKNN classification results of one patient were counted, in order to analyze
the distribution of classification results under different anesthesia status. As shown in
Fig.7, the same patient has a higher recognition rate for different depth of anesthesia
and most of the misidentified samples were identified as being in adjacent categories,
which is consistent with the physiological mechanisms of EEG signals. In the four
anesthesia status, the recognition rate in awake status is poor which more than 20%
samples were mistaken for light anesthesia, and the recognition rate under light
anesthesia is best which only very few samples were identified incorrectly.

Fig 7. WKNN classification results of one patient under different DOA. The sample lengths
were different under anesthesia four kinds of DOA.

In order to observe the spatial distribution of eigenvalues at different depths of
anesthesia visually, the spatial distribution scatter plot was drawn using two feature
vectors (Sample entropy and second order AR coefficient) which have the highest
similarity with the BIS index. In Fig.8, although the feature vectors extracted under the
four anesthesia states have cross distribution, they show obvious clusters.

Fig 8. Distribution of sample entropy and second-order AR coefficient. The data was obtained
from EEG of one patient, the x-coordinate is the value second-order AR coefficient and y-
coordinate is the value of SampEn.

We compare the classification effect of WKNN with KNN and SVM. As shown in
Table 2, whether it is a class of feature vectors or two types of feature vectors, the
accuracy of WKNN is higher than the accuracy of SVM and KNN. The results show
that WKINN is suitable for the classification requirements of this study and can achieve
accurate results.

Table.2 WKNN and KNN, SVM classification results

method sampEn ArlIndex sampEn+ArIndex(Acc)
SVM 77.10% 72.97% 79.61%
KNN 76.65% 84.12% 87.35%
WKNN 78.13% 86.25% 88.62%

The sensitivity and specificity of the WKNN classifier are obtained by calculation.
As can be seen from the results shown in Table 3, the sensitivity and specificity of the
WKNN classifier under different anesthesia states are above 0.8. WKNN has very high
sensitivity and specificity, indicating that it can obtain accurate classification results.
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Table.3 WKNN classifier sensitivity and specificity under different anesthesia states

Awake Light Moderate Deep
SEN 0.84 0.89 0.94 0.90
SPE 0.91 0.89 0.88 0.89

Results analyzing

Sample entropy as a feature of the response EEG signals complexity has been
widely used in EEG analysis [36,37]. Through analyzing the SampEn of the EEG
signals found that the correlation coefficient between SampEn of the EEG signals and
BIS value is as high as 0.8. Fig.3a shown that the trend of sample entropy and BIS
values. It can be seen from the results that sample entropy can accurately reflect the
depth of anesthesia. AR model can well represent the internal features and information
of the signal. Recently, AR model has been widely used in EEG processing. We choose
the optimal AR coefficient, which reduces the complexity of the redundancy and the
calculation of the features. The recognition rate of different AR coefficient
combinations is shown in the Fig.5b. The WKNN method is especially suitable for the
multi-classification problem of sample non-uniformity, and it is very important to
choose the favorable k value. Taking the different K values into account, we calculated
the recognition rate corresponding to different K values, and obtained the recognition
rate results as shown in Fig.5a. Through the relationship between the K values and the
corresponding recognition rate in Fig.5a, the K value is selected as seven. Finally,
through the AR coefficient and SampEn as feature vectors, the WKNN classifier is used
to classify the depth of anesthesia into four states. It can be seen from the recognition
rate (Fig.6) that the method can be used for the monitoring of DOA.

According to the research method in this paper, we calculate the SampEn of EEG
signals at different anesthesia depths. From Fig.3a, we can clearly see that the SampEn
of the EEG signals gradually decreases when the depth of anesthesia increases. This
phenomenon indicates that the activity level of the brain decreases with the increase of
the depth of anesthesia, which is consistent with the working state of the brain. Through
extracting AR coefficients and the correlation between AR coefficients and BIS values,
as shown in Table.1, it is found that the first five order AR coefficients are correlated
with BIS. Through condition optimization, two to five order AR coefficients were
selected as feature vectors. Further analysis of sample entropy and second-order AR
coefficients to obtain their box and scatter plot, as shown in Fig.3b and Fig.4b, both
characteristics can well complete the classification of depth of anesthesia. The sample
entropy and the second-order AR coefficient of five patients who under different
anesthesia conditions were calculated separately. It can be seen from Table.4 and
Table.5 that the sample entropy and the second-order AR coefficient have significant
differences under different depth of anesthesia.
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Table.4 Sample entropy under different DOA

sample entropy

Patients
Awake moderate light deep
1 2.36(0.16) 1.87(0.15) 1.01(x0.11) 0.91(20.05)
2 1.86(0.11) 1.31(+0.13) 1.01(0.07) 0.98(+0.08)
3 1.81(x0.15) 1.61(x0.19) 1.07(x0.12) 0.91(20.09)
4 2.12(+0.10) 1.39(+0.12) 1.09(0.08) 1.03(20.04)
5 2.52(+0.09) 1.51(+0.11) 1.32(+0.18) 1.19(+0.06)
Table.5 Second order AR coefficient under different DOA
Patients second order AR coefficient
Awake moderate light deep
1 0.48(+0.09) 0.09(+0.08) -0.09(+0.06) -0.21(£0.06)
2 0.69(%0.05) 0.24(%0.09) -0.04(x0.09) -0.08(+0.07)
3 0.51(£0.23) 0.42(£0.18) 0.07(+0.08) -0.07(+0.08)
4 0.46(£0.26) 0.11(£0.06) -0.03(+0.04) -0.07(+0.03)
5 0.87(=0.14) 0.19(%0.08) -0.09(£0.08) -0.09(£0.04)

Finally, we select k=7, and use the WKNN classifier to classify the DOA. In the
classification process, the ratio of training samples to test samples is 4:1. We can see
the classification results in Fig.6, the method can well complete the classification of
DOA. Through analyzing the classification results, the distribution of misjudged
samples under four anesthesia conditions is obtained. From Fig.7, it can be found that
a large part of the awake state is misjudged as light anesthesia. The reason for this
phenomenon may be that the noise of EEG signals in awake state is too much to be
filtered thoroughly, which leads to the decrease of sample entropy [38].

Using the selected eigenvalues to compare the three classifiers commonly used in
WKNN, KNN and SVM, as shown in Table.3, WKNN can achieve better classification
results when the sample size distribution is not uniform. Through calculating the
sensitivity and specificity of WKNN classifier, it is found that WKNN has good
sensitivity and specificity. The above results show that WKNN can well divide the
depth of anesthesia into four states: awake, mild, moderate and deep anesthesia.

Discussion

In this study, we propose a new method for monitoring the DOA, which based on
SampEn and AR coefficients as feature vectors combined with the WKNN classifier.
Firstly, the original EEG signal is segmented by sliding window, the window length is
2560 (10 seconds of EEG signals) and step size is 512 (2 seconds of EEG signals).
Then, the sample entropy and AR coefficients of EEG signals are calculated, and the
optimal AR coefficients are selected. The characteristics reflecting the depth of
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anesthesia were extracted successfully and the highest correlation index between these
characteristics and BIS index is over 0.8. Finally, the optimal K value is selected and
the depth of anesthesia is successfully divided into four states: awake, mild, moderate
and deep anesthesia by WKNN classifier. The classification accuracy of this method is
over 88%. To sum up, the combination of sample entropy and AR coefficient can
monitor the depth of anesthesia accurately and effectively.

Author Contributions

conceptualization, X.L.; methodology, X.L. and F.Z.; software, F.Z; validation,
X.L.; formal analysis, F.Z. and C.H.; investigation, X.W. and X.L; resources, D.H.;
data curation, F.Z. and P.D.; writing—original draft preparation, F.Z.; writing—review
and editing, X.L. and F.Z.; visualization, F.Z.; supervision, X.L.; project
administration, X.L.; funding acquisition, X.L”.

Funding

This work was financially supported by the National Natural Science Foundation
(81271930) and the Key Technologies R&D Program of China (2012BAI19B03).

Acknowledgments

The authors gratefully acknowledge the help of all the volunteers in this study. We
also would like to thank department help in EEG data collection.

Conflicts of Interest

The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the
manuscript, or in the decision to publish the results.

References

1. Monk TG, Saini V, Weldon BC, Sigl JC (2005) Anesthetic Management and One-
Year Mortality After Noncardiac Surgery. Anesthesia & Analgesia 100: 4-10.

2. Zoughi T, Boostani R, Deypir M (2012) A wavelet-based estimating depth of
anesthesia. Engineering Applications of Artificial Intelligence 25: 1710-1722.

3. Al-Kadi MI, Reaz MB, Ali MAM (2013) Evolution of Electroencephalogram
Signal Analysis Techniques during Anesthesia. Sensors 13: 6605-6635.

4. Nguyen-Ky T, Wen P, Li Y (2009) Theoretical basis for identification of different
anesthetic states based on routinely recorded EEG during operation. Computers in
Biology and Medicine 39: 40-45.

5. Sebel PS, T Andrew B, Ghoneim MM, Rampil 1J, Padilla RE, et al. (2004) The
incidence of awareness during anesthesia: a multicenter United States study.
Anesthesia & Analgesia 99: 833-839.


https://doi.org/10.1101/634675
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/634675; this version posted May 10, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

10

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

available under aCC-BY 4.0 International license.

. Hutt A, Longtin A (2010) Effects of the anesthetic agent propofol on neural
populations. Cognitive Neurodynamics 4: 37-59.
. Johansen JW, Sebel PS (2000) Development and clinical application of

electroencephalographic bispectrum monitoring. Anesthesiology 93: 1336-1344.

. Viertio-Oja H, Maja V, Sérkeld M, Talja P, Tenkanen N, et al. (2004) Description

of the Entropy algorithm as applied in the Datex-Ohmeda S/5 Entropy Module.
Acta Anaesthesiol Scand 48: 154-161.

. Messner M, Beese U, Romstock J, Dinkel M, Tschaikowsky K (2003) The
bispectral index declines during neuromuscular block in fully awake persons.

Anesthesia and Analgesia 97: 488-491.

. Zanner R, Pilge S, Schneider G, Kreuzer M, Kochs EF (2006) Time delay of EEG
index calculation: analysis of Narcotrend, Bispectral and Cerebral State Index
using recorded EEG signals: A-107. European Journal of Anaesthesiology 23: 27.
Lalitha V, Eswaran C (2007) Automated detection of anesthetic depth levels using
chaotic features with artificial neural networks. Journal of Medical Systems 31:
445-452.

Zhang XS, Roy RJ, Jensen EW (2001) EEG complexity as a measure of depth of
anesthesia for patients. leee Transactions on Biomedical Engineering 48: 1424-
1433.

Tai NK, Wen P, Li Y (2013) Consciousness and Depth of Anesthesia Assessment
Based on Bayesian Analysis of EEG Signals. Ieee Transactions on Biomedical
Engineering 60: 1488-1498.

Nguyen-Ky T, Wen P, Li Y (2014) Monitoring the depth of anaesthesia using
Hurst exponent and Bayesian methods. IET Signal Processing 8: 907-917.
Shalbaf R, Behnam H, Sleigh JW, Voss LJ (2012) Using the Hilbert-Huang
transform to measure the electroencephalographic effect of propofol.
Physiological Measurement 33: 271-285.

Shalbaf R, Behnam H, Sleigh JW, Steyn-Ross DA, Steyn-Ross ML (2015)
Frontal-Temporal Synchronization of EEG Signals Quantified by Order Patterns
Cross Recurrence Analysis During Propofol Anesthesia. Ieee Transactions on
Neural Systems and Rehabilitation Engineering 23: 468-474.

Li XO, Wang F, Wu GL (2017) Monitoring Depth of Anesthesia Using Detrended
Fluctuation Analysis Based on EEG Signals. Journal of Medical and Biological
Engineering 37: 171-180.

Shalbaf R, Behnam H, Sleigh JW, Steyn-Ross A, Voss LJ (2013) Monitoring the
depth of anesthesia using entropy features and an artificial neural network. Journal
of Neuroscience Methods 218: 17-24.

Liu Q, Chen YF, Fan SZ, Abbod MF, Shieh JS (2015) EEG Signals Analysis
Using Multiscale Entropy for Depth of Anesthesia Monitoring during Surgery
through Artificial Neural Networks. Computational and Mathematical Methods in
Medicine.

Liang ZH, Wang YH, Sun X, Li D, Voss LJ, et al. (2015) EEG entropy measures
in anesthesia. Frontiers in Computational Neuroscience 9.


https://doi.org/10.1101/634675
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/634675; this version posted May 10, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

available under aCC-BY 4.0 International license.

Shalbaf A, Saffar M, Sleigh JW, Shalbaf R (2017) Monitoring the depth of
anesthesia using a new adaptive neuro-fuzzy system. IEEE Journal of Biomedical
& Health Informatics PP: 1-1.

Mirsadeghi M, Behnam H, Shalbaf R, Moghadam HJ (2016) Characterizing
Awake and Anesthetized States Using a Dimensionality Reduction Method.
Journal of Medical Systems 40.

Richman JS, Moorman JR (2000) Physiological time-series analysis using
approximate entropy and sample entropy. American Journal of Physiology-Heart
and Circulatory Physiology 278: H2039-H2049.

Liu Q, Ma L, Fan SZ, Abbod MF, Shieh JS (2018) Sample entropy analysis for
the estimating depth of anaesthesia through human EEG signal at different levels
of unconsciousness during surgeries. Peerj 6.

Alcaraz R, Rieta JJ (2010) A review on sample entropy applications for the non-
invasive analysis of atrial fibrillation electrocardiograms. Biomedical Signal
Processing and Control 5: 1-14.

Hatamikia S, Maghooli K, Nasrabadi AM (2014) The Emotion Recognition
System Based on Autoregressive Model and Sequential Forward Feature Selection
of Electroencephalogram Signals. Journal of Medical Signals & Sensors 4: 194-
201.

Sereshkeh AR, Trott R, Bricout A, Chau T (2017) Online EEG Classification of
Covert Speech for Brain-Computer Interfacing. International Journal of Neural
Systems 27.

Sabeti M, Katebi SD, Boostani R, Price GW (2011) A new approach for EEG
signal classification of schizophrenic and control participants. Expert Systems
with Applications 38: 2063-2071.

Elahi Z, Boostani R, Nasrabadi AM (2013) Estimation of hypnosis susceptibility
based on electroencephalogram signal features. Scientia Iranica 20: 730-737.
Liang SF, Kuo CE, Hu YH, Pan YH, Wang YH (2012) Automatic Stage Scoring
of Single-Channel Sleep EEG by Using Multiscale Entropy and Autoregressive
Models. Ieee Transactions on Instrumentation and Measurement 61: 1649-1657.
Nassim B (2016) Combined odd pair autoregressive coefficients for epileptic EEG
signals classification by radial basis function neural network. International Journal
of Biomedical Engineering and Technology 22: 314-324.

Zhang Y, Zhang SH, Ji XM (2018) EEG-based classification of emotions using
empirical mode decomposition and autoregressive model. Multimedia Tools and
Applications 77: 26697-26710.

Yazdani A, Ebrahimi T, Hoffmann U (2009) Classification of EEG Signals Using
Dempster Shafer Theory and a K-Nearest Neighbor Classifier. 2009 4th
International IEEE/EMBS Conference on Neural Engineering: 320-+.

Fang XM, Nan L, Jiang ZH, Chen LJ (2017) Noise-aware fingerprint localization
algorithm for wireless sensor network based on adaptive fingerprint Kalman filter.
Computer Networks 124: 97-107.


https://doi.org/10.1101/634675
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/634675; this version posted May 10, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

35.

36.

37.

38.

available under aCC-BY 4.0 International license.

Xue WX, Hua XH, Li QQ, Yu KG, Qiu WN, et al. (2018) A New Weighted
Algorithm Based on the Uneven Spatial Resolution of RSSI for Indoor
Localization. leee Access 6: 26588-26595.

Kang J, Chen H, Li X, Li X (2018) EEG entropy analysis in autistic children.
Journal of clinical neuroscience : official journal of the Neurosurgical Society of
Australasia.

Zhang Y, Zhang YT, Wang JY, Zheng XW (2015) Comparison of classification
methods on EEG signals based on wavelet packet decomposition. Neural
Computing & Applications 26: 1217-1225.

Liu Q, Chen YF, Fan SZ, Abbod MF, Shieh JS (2017) EEG artifacts reduction by
multivariate empirical mode decomposition and multiscale entropy for monitoring
depth of anaesthesia during surgery. Medical & Biological Engineering &
Computing 55: 1435-1450.


https://doi.org/10.1101/634675
http://creativecommons.org/licenses/by/4.0/

— 20
.-
=
=

(@) 2 o
=
=1
< 20

| | | | |
0 1000 1200 1400 1600 1800 2000
Sample Point
20

= 10-
3
-

(b) 2 o
g |
= =10F

| | | | |
0 1000 1200 1400 1600 1800 2000
Sample Point

Fig 1. Filtering of noise in EEG signals
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