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Abstract. Brain-Computer Interfaces (BCIs) are devices offering alternative 
means of communication when conventional means are permanently, or non-
permanently, impaired. The latter is commonly induced in general anesthesia 
and is necessary for the conduction of the surgery. However, in some cases it is 
possible that the patient regains consciousness during surgery, but cannot 
directly communicate this to the anesthetist due to the induced muscle paralysis. 
Therefore, a BCI-based device that monitors the spontaneous brain activity and 
alerts the anesthetist is an essential addition to routine surgery. In this paper the 
use of Permutation Entropy (PE) as a feature for ‘conscious’ and ‘unconscious’ 
brain state classification for a BCI-based anesthesia monitor is investigated. PE 
is a linear complexity measure that tracks changes in spontaneous brain activity 
resulting from the administration of anesthetic agents. The overall classification 
performance for 10 subjects, as assessed with a linear Support Vector Machine, 
exceeds 95%, indicating that PE is an appropriate feature for such a monitoring 
device.  
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1   Introduction 

Brain-Computer Interfaces (BCIs) are devices aimed primarily at providing an 
alternative means of communication through establishing a ‘direct connection’ 
between the brain and a device; in this way the conventional means of communication 
(through peripheral nerves and muscles) are bypassed [1]. Traditionally, in a BCI 
system the user consciously performs various mental tasks, voluntary modulation of 
brain activity or spontaneous event-related activity in order to issue different 
commands to control a device [2]. A BCI system can be useful not only when 
permanent loss of communication occurs, but also when non-permanent loss of 
communication occurs over a period of time. The latter is routinely performed, for 
example, as part of general anesthesia (GA) during surgery. This is achieved through 
the co-administration of neuromuscular blocking agents, together with the anesthetic 



agents, in order to achieve patient immobility necessary for the conduction of the 
surgery [3]. Under normal circumstances this drug-induced immobility is desired 
since the patient is under anesthesia. However, in rare cases it is possible that the 
patient regains consciousness during surgery unbeknown to the anesthetist; this could 
be a direct result of a number of factors, such as insufficient amount of administered 
anesthetic, and equipment failure [4]. In such cases the induced immobility leaves the 
patient with no means of communicating this to the anesthetist. Awareness during 
surgery is a highly traumatic experience with long-term psychological consequences; 
therefore, quick detection and subsequent intervention is important. A BCI device that 
monitors the general state of hypnosis of the patient can provide the means of 
communication necessary to alert the anesthetist. The operation of such a BCI device 
is based on monitoring the spontaneous brain activity as obtained from an 
electroencephalogram (EEG), which exhibits different characteristics under 
consciousness, and lack of it. By monitoring the changes in the observed 
characteristics of the patient’s spontaneous brain activity the device is, thus, able to 
issue an alert when a ‘conscious’ state is detected. In this way, the patient can still 
communicate (involuntarily) to the anesthetist that he/she is conscious, despite his/her 
inability to do so using conventional means of communication. 

Currently, commercially available EEG-based monitors are being introduced for 
routine patient monitoring during surgery. Two of the most commonly used devices 
are the BIS monitor (Aspect Medical Systems, Natick, MA) [5], and the Datex-
Ohmeda S/5TM Entropy Module (originally by Datex-Ohmeda Division, 
Instrumentation Corp., Helsinki; now with GE Healthcare) [6]. These devices usually 
operate by converting some combination of various EEG characteristics into a single 
number from 0-100 representing the level of hypnosis (100 - ‘fully awake’, 0 - 
‘isoelectricity’). At the simplest level these monitors use the loss of high frequencies 
and shift to low frequencies observed during anesthesia as a measure of anesthetic 
drug action. However, the precise algorithms utilized by some monitors are 
proprietary and their specifics are not known. For example, the BIS monitor integrates 
several disparate descriptors of the EEG, developed from a large volume of clinical 
data, into a single variable that correlates with behavioral assessments of sedation and 
hypnosis. In addition, they suffer from reliability issues, such as the inability to 
differentiate between an anesthetized patient or a patient who is simply asleep [7-9], 
unresponsiveness to specific anesthetic agents [10, 11], and being affected by the 
administration of other agents, such as neuromuscular blockers [12].  

In addition to commercially available monitors, a number of other methods have 
also been utilized in order to characterize the anesthetic-induced changes observed in 
the EEG. The main observations concern the changes in the frequency content of the 
EEG after administration of anesthetic agents, thus various traditional frequency-
based methods are used (see [13] for a review), as well as higher order spectral 
analysis [14, 15]. Other methods include various entropy-based measures [16-18] and 
complexity-based measures [19, 20]. Administration of anesthetic agents has also 
been found to affect various characteristics of auditory event-related potential activity, 
such as latency and amplitude [21, 22]. All these methods identify that the EEG 
during anesthesia becomes a more predictable signal with larger amplitude and lower 
frequency content. Despite the use of various measures to characterize anesthetic-
induced EEG changes, only a few of them have been validated in terms of their 



feasibility in the discrimination between ‘conscious’ and ‘unconscious’ states, as 
viewed from the perspective of a pattern recognition problem.  

In this paper we utilize a Support Vector Machine (SVM) to classify EEG 
segments into one of the two states ‘Conscious’ and ‘Unconscious’ using Permutation 
Entropy (PE) as a feature obtained from the EEG of 10 patients undergoing general 
anesthesia surgery. PE is a complexity measure based on mapping a time series on a 
symbolic sequence to describe the relationships between present and past samples 
[23]. Its previous application on EEG data obtained from anesthesia has shown that 
PE tracks the level of hypnosis, as its values decrease with an increasing level of 
hypnosis [24, 25]. The simplicity and fast speed of estimation constitute PE a good 
candidate for real-time and online applications. Therefore, such a feature could 
potentially be utilized in an anesthesia-monitoring BCI device.  

2   Methods 

2.1   Dataset 

The data used in this study were collected from 10 male patients undergoing 
general and urological surgery at Nicosia General Hospital, Cyprus. The 24-channel 
configuration of the TruScan32 (Deymed Diagnostic) was used with sampling rate at 
256Hz, and electrodes placed at positions Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, 
C4, T4, T5, P3, Pz, P4, T6, O1 and O2, according to the International 10/20 system, 
with an FCz reference. No filtering was performed during or after data collection. 
Data recording usually commenced while patients were still awake prior to 
administration of the anesthetic agents (anesthetic induction - AI), continued 
throughout the entire surgery, and until patients regained consciousness (ROC) after 
the surgery. The point at which the patients stopped responding verbally to commands 
by the anesthetist occurred less than a minute after administration of the anesthetic 
bolus, depending on patient characteristics. ROC was defined as the point at which 
the patient started responding to verbal commands or tactile stimuli by the anesthetist. 
GA was induced by the on duty anesthetist using the regular procedures of the 
hospital. Standard patient monitoring was used and all patients were preoxygenated 
via a face mask prior to anesthesia induction with a Diprivan bolus (propofol 1%, 10 
mg/ml, induction dose 2-4 mg/kg depending on patient characteristics). During 
induction some patients also received boluses of neuromuscular blocking agents 
(cisatracurium, rocuronium, or atracurium) and analgesic drugs. Maintenance of GA 
was achieved with an intravenous administration of propofol at concentrations 
ranging between 20-50 ml/h (200-500 mg/h) depending on patient characteristics and 
surgery requirements. In most patients remifentanil hydrochloride (Ultiva®; 2 mg, 
dissolved in 40ml) was also administered intravenously throughout surgery at a rate 
ranging between 2-15 ml/h (0.1-0.75 mg/h).  



 

 
 

2.2 Permutation Entropy 

PE is a linear complexity measure for time series [23]. The relationship between 
present values and a fixed number of equidistant values at a given past time is 
captured through a symbolic mapping of the continuous time series. This mapping is 
achieved by splitting the time series into segments containing  samples (where  
is called the embedding dimension), and which overlap by 

m
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m
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distance between each sample is defined by a time-lag, τ . Thus, each segment is 
defined as: 
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For a given embedding dimension there will be  possible permutations (motifs). 

If each permutation is considered as a symbol, the embedded time vectors  can 

be represented by a symbol sequence, , each having probability distribution . 

Thus, based on the Shannon entropy definition the normalized PE, , of a given 

time series, , is defined as:  
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where  is the distinct number of symbols for a given embedding dimension 
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 is a normalization factor such that . 

PE measures the departure of a time series from a complete random one: the smaller 
the value of the PE, the more regular the time series. The upper bound, , 

is attained when all of the possible  permutations appear in the time series with the 
same probability, something which is more likely to be observed when the EEG 
signal is dominated by high frequencies. This implies that  increases with the 

irregulatiry of the time series. At slower frequencies the permutations corresponding 
to peaks and troughs are observed less frequently, i.e. the EEG is more regular, hence 
the permutations appear with different probabilities, which decreases the PE of the 
signal. With regards to the embedding dimension, , if this is too large then it 
becomes difficult to detect changes in the time series. However, if this is too small, 
then there are very few distinct states (symbols) and the scheme will not work. For 
EEG signals values of  have been recommended [23]. For the time lag, it is 
adequate to use a value of 
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25], hence this value is commonly chosen for EEG analysis.  



2.3 Support Vector Machines 

SVMs belong to the family of kernel-based classifiers [26]. The main idea behind 
SVMs is to use kernel functions to perform operations in the “data” space, 
corresponding to an implicit mapping of the data in a higher dimensional “feature” 
space where a hyperplane (decision boundary) that can separate the classes can be 
found. The simplest case is a linear SVM trained to classify linearly separable data. 
The constructed constraints define two parallel hyperplanes whose distance from the 
estimated decision boundary is maximal. The points lying on the two hyperplanes are 
called the support vectors. Estimating the decision boundary subject to the set of 
given constraints is a constrained optimization problem that can be solved in the 
Lagrange optimization framework. 

2.4 Data Analysis 

The main function of an anesthesia monitor is to alert the anesthetist when a subject 
becomes aware during surgery. Therefore, the minimal requirement is the ability to 
distinguish between the two states ‘Conscious’ and ‘Unconscious’ (class ‘A’ and ‘B’ 
respectively). To assess this, the following was performed:  

(1) Segments of a few minutes duration corresponding to the two classes were 
extracted from the continuous EEG recordings at AI and ROC based on markers in 
the EEG record of each patient indicating AI and ROC. Data from 10 subjects were 
available for analysis (S1-S10).  

(2) The average activity over the left frontal (LF: electrodes Fp1, F7, F3, T3, C3), 
right frontal (RF: Fp2, F8, F4, C4, T4), left posterior (LP: T5, P3, O1), right posterior 
(RP: T6, P4, O2), and midline (Z: Fz, Cz, Pz) brain areas was estimated. Visual 
inspection of the acquired data identified electrodes with bad quality signals from bad 
contact or no contact; these electrodes were subsequently excluded from estimation of 
the average activity. For subject S4, all electrodes in the right posterior area were 
excluded from the analysis due to bad electrode contact. Since no artifact removal 
was performed this averaging removed some of the effects of artifacts. 

(3) PE ( 3=m , 1=τ ) was estimated over 2-second non-overlapping windows of 
the EEG segments from each of the five brain areas. Non-overlapping windows were 
used such that, at each 2-s segment, the current value of PE was estimated from new 
data and was not based on previous data – this is an important consideration for future 
online application of the method. Feature vectors consisted of the following 5-
dimensional values:  
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2-s segment from all the available segments of each class . Since no pre-
processing or artifact removal was performed, the estimated PE values were smoothed 
(moving average filter,  samples). 

)( CN

10=n



(4) Performance was evaluated for each subject separately over B=50 bootstrap 
repetitions. In each repetition, 70% of the available data for a subject was used for 
training, while the remaining 30% was used for testing. Classification was performed 
using a linear SVM. Performance was assessed as the sensitivity (4), specificity (5) 
and average accuracy (6):  
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where TP   is the number of true positives (negatives), and  is the 

total number of positive (negative) examples respectively. In the following 
investigations, examples of class ‘A’ (conscious) were considered as positive, while 
class ‘B’ (unconscious) as negative. 
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  3  Results 

Induction of anesthesia causes a decrease in the estimated PE values, with return to 
baseline values when consciousness is recovered at the end of anesthesia. This can be 
seen in the grand average PE obtained over all subjects over the five pre-defined brain 
areas (figure 1; the right posterior area was unavailable for subject S4, hence S4 was 
excluded from the grand average PE estimation). This decrease in the PE is a direct 
result of the fact that during anesthesia the fast brain rhythms are substituted by 
slower brain rhythms; hence, the PE tracks this shift from faster to slower frequencies. 
In addition, the EEG segments representing ROC are extracted after the intravenous 
administration of propofol is switched off. As the blood-level concentration of 
anesthetic agent decreases the PE shows a more gradual return to baseline level 
(figure 1, thin line), compared to the PE at AI (figure 1, thick line) where a bolus of 
anesthetic agent is administered. It can also be seen that it is possible to separate the 
two classes using a linear decision boundary; hence, a linear SVM is utilized here. 

Table 1 shows the single-subject and subject-average sensitivity (SE), specificity 
(SP) and classification accuracy (AC). Overall, SE, SP and AC greater than 0.93 
(93%) are obtained. The decreased performance for subject S4 could be a result of the 
fact that only 4 brain areas were available for analysis, resulting in 4-dimensional PE 
features. Data from segments extracted at the beginning and end of surgery were 
classified separately. A patient awaking from surgery does not regain full alertness 
until sometime afterwards; this time frame is very much dependent on the rate at 
which each person is able to metabolize the administered drugs. Therefore, the 



awareness state of a patient at ROC is much more similar to the awareness state the 
patient will be in if awareness is experienced during surgery.   

 

 
Fig. 1. Average Permutation Entropy over all patients for (a) left frontal, (b) right frontal, (c) 
left posterior, (d) right posterior, and (e) midline brain areas. Thick line: PE at induction (AI); 
thin line: PE at recovery of consciousness (ROC). Vertical lines denote the induction and 
recovery of consciousness (dashed and dotted lines respectively). X-axis in arbitrary samples. 

  
Subject  AI  ROC  

SP SE  AC  SP  SE AC 

S1  1.00  0.99  0.995  1.00  0.97  0.985  

S2  1.00  0.95  0.975  1.00  0.97  0.985  

S3  1.00  0.94  0.970  1.00  0.75  0.875  

S4  1.00  0.90  0.950  0.73  0.84  0.785  

S5  1.00  0.95  0.975  1.00  0.94  0.970  

S6  1.00  1.00  1.000  1.00  0.98  0.990  

S7  1.00  0.90  0.950  1.00  0.98  0.990  

S8  0.99  0.96  0.975  1.00  1.00  1.000  

S9  1.00  0.93  0.965  1.00  0.96  0.980  

S10  1.00  0.92  0.960  0.99  0.93  0.960  

TOTAL  1.00  0.95  0.975  0.97  0.93  0.950  

Table 1. Single-subject and average sensitivity (SE), specificity (SP) and classification 
accuracy (AC) with 5-dimensional PE features estimated over 5 brain areas. Classification 
performed with linear SVM. 

 
Ideally, a BCI for alerting the anesthetist in case of impending awareness should 

display 100% SE and SP; ideal SE means that all events of awareness are captured, an 
alarm is raised and appropriate action is taken, while ideal SP implies that the monitor 



reflects the lack of consciousness at an appropriate level of anesthesia. However, it is 
very difficult to have an ideal monitor and in the majority of cases a compromise 
between SE and SP must be made. In case of low SE, false alarms would indicate that 
the patient is awake, prompting the anesthetist to take action with potential disastrous 
consequences. In case of low SP, the alarm would not be raised in cases of awareness, 
no action would be taken and the patient would continue being in a conscious state, 
with dramatic consequences. It can be seen that in the case of an anesthesia monitor, 
both SE and SP are equally as important and no sacrifice of one should be made for 
the other. Using PE as a feature, even though SE and SP are not ideal, both are at a 
similarly high level. Thus, neither is sacrificed for the other. 

5 Conclusion 

We propose the use of Permutation Entropy as a feature in a BCI-based medical 
device that monitors the patients’ state of hypnosis during surgery under general 
anesthesia in order to alert the anesthetist in cases when the patient regains awareness, 
but cannot voluntarily communicate this to the anesthetist. The high performance 
obtained encourages further investigations of PE-based classification of ‘conscious’ 
and ‘unconscious’ state. However, one must also bear in mind that other physiological 
processes, such as sleep, exhibit patterns of decreasing PE [27]. Thus, it is necessary 
to study both processes simultaneously in order to establish existing differences. 
Nonetheless, a depth of anesthesia monitor based on PE is still more advantageous 
than existing monitors.  

 
Acknowledgments. The authors would like to thank the anonymous volunteers and 
the hospital staff who participated in this study. This work falls under the Cyprus 
Research Promotion Foundation’s Framework for Research, Technological 
Development and Innovation (DESMI 2008), co-funded by the Republic of Cyprus 
and the European Regional Development Fund (Grant number: 
DIDAKTOR/DISEK/0308/20). 

References 

1. Wolpaw, J.R., Birbaumer, N., Heetderks, W.J., McFarland, D.J., Peckham, 
P.H., Schalk, G., Donchin, E., Quatrano, L.A., Robinson, C.J., Vaughan, T.M.: Brain-
computer interface technology: a review of the first international meeting. IEEE T 
Rehabil Eng 8 (2000) 164-173 
2. Birbaumer, N.: Brain-Computer Interface research: coming of age. Clin 
Neurophysiol 117 (2006) 479-483 
3. Hammeroff, S.R.: The entwined mysteries of anaesthesia and consciousness. 
Anesthesiology 105 (2006) 400-412 
4. Myles, P.S., Symons, J.A., Leslie, K.: Anaesthetists' attitudes towards 
awareness and depth-of-anaesthesia monitoring. Anaesthesia 58 (2003) 11-16 



5. Sigl, J.C., Chamoun, N.G.: An introduction to bispectral analysis of the 
electroencephalogram. J Clin Monit Comput 10 (1994) 392-404 
6. Viertiö-Oja, H., Maja, V., Särkelä, M., Talja, P., Tenkanen, N., Tolvanen-
Laakso, H., Paloheimo, M., Vakkuri, A., Yli-Hankala, A., Meriläinen, P.: Description 
of the Entropy Algorithm as applied in the Datex-Ohmeda S/5 Entropy Module. Acta 
Anaesth Scand 48 (2004) 154-161 
7. Russell, I.F.: The Narcotrend "depth of anaesthesia" monitor cannot reliably 
detect consciousness during general anaesthesia: an investigation using the isolated 
forearm technique. Brit J Anaesth 96 (2006) 346-352 
8. Sleigh, J.W., Andrzejowski, J., Steyn-Ross, A., Steyn-Ross, M.: The 
Bispectral Index: a measure of depth of sleep? Anesth Analg 88 (1999) 659-661 
9. Tung, A., Lynch, P., Roizen, M.F.: Use of the BIS monitor to detect onset of 
naturally occurring sleep. J Clin Monitor Comp 17 (2002) 37-42 
10. Barr, G., Jakobsson, J.G., Owall, A., Anderson, R.E.: Nitrous oxide does not 
alter bispectral index: study with nitrous oxide as sole agent and as an adjunct to i.v. 
anaesthesia. Brit J Anaesth 82 (1999) 827-830 
11. Hudetz, A.G.: Are we unconscious during general anesthesia? Int 
Anesthesiol Clin 46 (2008) 25-42 
12. Liu, N., Chazot, T., Huybrechts, I., Law-Koune, J.-D., Barvais, L., Fischler, 
M.: The influence of a muscle relaxant bolus on bispectral and Datex-Ohmeda 
entropy values during propofol-remifentanil induced loss of consciousness. Anesth 
Analg 101 (2005) 1713-1718 
13. Rampil, I.J.: A primer for EEG signal processing in anesthesia. 
Anesthesiology 89 (1998) 980-1002 
14. Jeleazcov, C., Fechner, J., Schwilden, H.: Electroencephalogram monitoring 
during anesthesia with propofol and alfentanil: the impact of second order spectral 
analysis. Anesth Analg 100 (2005) 1365-1369 
15. Mi, W.D., Sakai, T., Singh, H., Kudo, T., Kudo, M., Matsuki, A.: Hypnotic 
endpoints vs. the bispectral index, 95% spectral frequency and median frequency 
during propofol infusion with or without fentanyl. Eur J Anaesth 16 (1999) 47-52 
16. Li, X., Li, D., Liang, Z., Voss, L.J., Sleigh, J.W.: Analysis of anesthesia with 
Hilbert-Huang spectral entropy. Clin Neurophysiol 119 (2008) 2465-2475 
17. Anderson, R.E., Jakobsson, J.G.: Entropy of EEG during anaesthetic 
induction: a comparative study with propofol or nitrous oxide as sole agent. Brit J 
Anaesth 92 (2004) 167-170 
18. Noh, G.-J., Kim, K.-M., Jeong, Y.-B., Jeong, S.-W., Yoon, H.-S., Jeong, S.-
M., Kang, S.-M., Linares, O., Kern, S.E.: Electroencephalographic Approximate 
Entropy changes in healthy volunteers during remifentanil infusion. Anesthesiology 
104 (2006) 921-932 
19. Zhang, X.-S., Roy, R.J., Jensen, E.W.: EEG complexity as a measure of 
depth of anesthesia for patients. IEEE T Bio-Med Eng 48 (2001) 1424-1433 
20. Ferenets, R., Lipping, T., Anier, A., Jäntti, V., Melto, S., Hovilehto, S.: 
Comparison of entropy and complexity measures for the assessment of depth of 
sedation. IEEE T Bio-Med Eng 53 (2006) 1067-1077 
21. van Hooff, J.C., de Beer, N.A.M., Brunia, C.H.M., Cluitmans, P.J.M., 
Korsten, H.H.M.: Event-related potential measures of information processing during 
general anesthesia. Electroen Clin Neuro 103 (1997) 268-281 



22. Thornton, C., Sharpe, R.M.: Evoked responses in anaesthesia. Brit J Anaesth 
81 (1998) 771-781 
23. Bandt, C., Pompe, B.: Permutation Entropy: a natural complexity measure 
for time series. Phys. Rev. Lett. 88 (2002) 174102 
24. Bruzzo, A.A., Gesierich, B., Santi, M., Tassinari, C.A., Birbaumer, N., 
Rubboli, G.: Permutation Entropy to detect vigilance changes and preictal states from 
scalp EEG in epileptic patients. A preliminary study. Neurol Sci 29 (2008) 3-9 
25. Olofsen, E., Sleigh, J.W., Dahan, A.: Permutation entropy  of the 
electroencephalogram: a measure of anaesthetic drug effect. Brit J Anaesth 101 
(2008) 810-821 
26. Burges, C.J.C.: A tutorial on Support Vector Machines for Pattern 
Recognition. In: Fayyad, U. (ed.): Data Mining and Knowledge Discovery. Kluwer 
Academic Publishers, Boston (1998) 121-167 
27. Nicolaou, N., Georgiou, J.: The use of Permutation Entropy to characterize 
sleep electroencephalograms. Clin EEG Neurosci 42 (2011) 24-28 
 
 


