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In monitoring depth of anesthesia, use of electroencephalogram (EEG) signal data helps to prevent intraoperative
awareness and reduces the costs of anesthesia. Modern depth-of-anesthesia monitors use frontal EEG signal to derive
an index value, which decreases monotonically with increasing anesthetic drug levels. In this study,
electroencephalogram signal processing methods for depth-of-anesthesia monitoring were developed.

The first aim was to develop a method for burst suppression detection and integrate it into the anesthetic depth monitor.
Accurate detection of burst suppression improves the accuracy of depth-of-anesthesia monitoring at deep levels of
anesthesia. The method developed utilizes a nonlinear energy operator and is based on adaptive segmentation. The
developed monitor has been proven accurate in several scientific studies.

A second aim was to develop a depth-of-anesthesia monitor that utilizes both cortical and subcortical information and
is applicable with most commonly used anesthetics. The method developed is based on the spectral entropy of EEG
and facial electromyogram (EMG) signals. In the method, two spectral entropy variables are derived, aiming to
differentiate the cortical state of the patient and subcortical responses during surgery. The concept has been confirmed
in the scientific studies conducted during surgery.

Another aim was to develop a method for monitoring epileptiform activity during anesthesia. The method developed is
based on a novel EEG-derived quantity, wavelet subband entropy (WSE), which followed the time evolution of
epileptiform activity in anesthesia with prediction probability of 0.8 and recognized misleading readings of the
depth-of-anesthesia monitor during epileptiform activity with event-sensitivity of 97%.

The fourth aim was to investigate the monitoring technique developed, called Entropy, in S-ketamine anesthesia and in
dexmedetomidine sedation. In S-ketamine anesthesia, high-frequency EEG oscillations turned out to be the reason for
the high entropy values seen despite deep anesthesia. In dexmedetomidine sedation, Entropy proved a rapid indicator
of transition phases from conscious and unconscious states.
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Anestesian syvyyttä monitoroitaessa aivosähkökäyrä (EEG) auttaa välttämään potilaan kirurgian aikaisen tietoisuuden
tunteen sekä pienentämään anestesian kustannuksia. Anestesian syvyyden monitorit laskevat otsalta mitatusta
EEG-signaalista numeroarvon, joka pienenee monotonisesti anestesialääkityksen kasvaessa. Tässä työssä kehitettiin
EEG-signaalinkäsittelymenetelmiä anestesian syvyyden monitorointiin.

Työn ensimmäinen tavoite oli kehittää menetelmä purskevaimentuman ilmaisemiseksi ja yhdistää tämä osaksi
anestesian syvyyden monitoria, parantaen monitoroinnin tarkkuutta syvässä anestesiassa. Kehitetty menetelmä
perustuu adaptiiviseen segmentointiin, jossa hyödynnetään epälineaarista energiaoperaattoria. Kehitetty monitori on
osoittautunut tarkaksi menetelmäksi lukuisissa tieteellisissä tutkimuksissa.

Toinen tavoite oli kehittää menetelmä anestesian syvyyden monitorointiin, joka hyödyntää sekä aivokuorelta peräisin
olevaa EEG-signaalia, että osittain aivorungosta peräisin olevaa kasvolihasten lihassähkökäyrää (EMG). Kehitetty
menetelmä perustuu EEG- ja EMG-signaaleista laskettavaan spektraaliseen entropiaan. Menetelmä tuottaa kaksi
muuttujaa, joiden avulla pyritään erottamaan potilaan aivokuoren tila sekä kirurgian aiheuttamat aivorunkovasteet.
Tieteeliset tutkimukset ovat osoittaneet konseptin toimivuuden kirurgian aikaiseen monitorointiin.

Kolmas tavoite oli kehittää menetelmä anestesian aikaisen epileptiformisen aivotoiminnan monitorointiin. Työssä
kehitettiin täysin uusi EEG-signaalista johdettu suure; aallokemuunnoksen osakaistan entropia (WSE). WSE kykeni
seuraaman epileptiformisen toiminnan kehitystä ennustetodennäköisyydellä 0,8 sekä tunnisti 97 %:sti tämän
aiheuttamat harhaanjohtavat tapaukset anestesian syvyyden monitorin lukemissa.

Lisäksi työssä arvioitiin kehitetyn Entropia-monitorin suorituskykyä S-ketamiinianestesiassa sekä
deksmedetomidiinisedaatiossa. S-ketamiinianestesiassa korkeataajuiset EEG-oskillaatiot olivat syynä korkeille
Entropia-arvoille huolimatta syvästä anestesiasta. Deksmedetomidiinisedaatiossa Entropia-monitori kykeni
seuraamaan nopeita muutoksia tajuisuuden ja tajuttomuuden välillä.
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docent Satu Jääskeläinen, and mrs. Anu Maksimow, M.D., Ph.D. Anu has a major

contribution for this thesis as being the first author of two publications.



8

I express my special gratitude to all 30 co-authors of the five publications consti-

tuting this thesis. This work is a result of several projects carried out in industry,

research institutes, central hospital, and in four of the total five university hospitals

in Finland. It has been a rewarding experience to work with all these people each

representing top knowledge in their own speciality.

My colleagues in GE Healthcare and Oulu University Hospital are appreciated for

their support during this almost endless thesis project. Especially, I wish to thank

mr. Matti Huiku, D.Sc. (Tech.), for his guidance and encouragement during the

last few years. Mr. Petteri Lapinlampi, M.Sc. (Tech.), is acknowledged for guiding

me in the practicality of Helsinki University of Technology and support with LATEX

typesetting.

I wish to thank my parents, Anja and Sakari Särkelä for their support. Finally, I
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I M. Särkelä, S. Mustola, T. Seppänen, M. Koskinen, P. Lepola, K. Suomi-

nen, T. Juvonen, H. Tolvanen-Laakso, V. Jäntti. 2002. Automatic analy-

sis and monitoring of burst suppression in anesthesia. Journal of Clinical

Monitoring and Computing 17, no. 2, pages 125-134.
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Hankala, S. Hinkka-Yli-Salomäki, H. Scheinin, S.K. Jääskeläinen. 2006.

Increase in high frequency EEG activity explains the poor performance

of EEG spectral entropy monitor during S-ketamine anesthesia. Clinical

Neurophysiology 117, no. 8, pages 1660-1668.

V A. Maksimow, A. Snapir, M. Särkelä, E. Kentala, J. Koskenvuo, J. Posti,
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1 Introduction

Anesthesia is drug-induced nonresponsiveness which can be defined by its hypnotic

(unconsciousness) and analgesic (pain relief) components. Today, depth of anesthe-

sia or of hypnosis is defined as a continuum or progressive central nervous system

depression and decreased responsiveness to stimulation [169].

Anesthetics affect the central nervous system, producing a state of reversible coma

or anesthesia. It is known that most hypnotic drugs in current use have their

effect via gamma-aminobutyric acid (GABA) subtype A (GABAA) receptors. The

vast majority of neurons have GABAA receptors, and there is debate concerning

whether the main effect of anesthesia-induced unconsciousness is within the cerebral

cortex [184], in the thalamus [6], or in thalamocortical interactions [73]. In clinical

monitoring practice, neither the main effect site nor the anesthetics’ concentrations

at the effect site(s) is known.

One of the main effects of general anesthetics is the suppression of consciousness

– i.e., prevention of awareness. The most convenient approach to prevent patient

awareness and to get an indication of the temporal effect and potency of anesthetics

is to monitor electroencephalogram (EEG) activity and surrogate measures derived

therefrom. Electroencephalogram activity is known to be generated by cortical nerve

cell inhibitory and excitatory postsynaptic potentials. These postsynaptic potentials

summate in the cortex and extend to the scalp surface. In addition to postsynaptic

potentials, intrinsic cell currents produced by activation of ionic channels probably

also contribute to the EEG. Electroencephalogram measurements are commonly

taken as potential difference over time between two electrodes attached to the scalp.

These are referred to a third electrode.[37]
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Electroencephalogram activity was first measured in humans by Hans Berger in the

1920s, and in the 1930s the method’s sensitivity to anesthetic agents had already

been observed [124]. The effects of deepening anesthesia on EEG activity, according

to the classic definition of Stockard & Bickford (1975), are [158, 201]:

1. Disorganized high-frequency activity

2. Organized activity with an increase in rhythmicity and voltage, especially

delta activity

3. Mixtures of lower frequencies with the higher frequencies, with increased delta

activity at deeper levels

4. Burst suppression, with the duration of suppression becoming longer with

deeper levels

5. Suppression with isoelectric EEG

In the late 1990s, the EEG experienced a renaissance of interest as a clinical mon-

itoring tool for anesthesia. This revival was the result of two events: first, the use

of the EEG was retargeted from confirming deep surgical anesthesia to the assess-

ment of lighter or sedative levels, and, second, technological developments led to the

creation of a means of monitoring anesthetic depth.[124]

The process resulted in the commercialization of the Bispectral Index R© monitor

(BIS R©, from Aspect Medical Systems of Norwood, MA, in the USA). However, in

the early 1990s the developers of BIS were unclear about their goal, as the following

statement indicates [79]: “Any useful EEG measure of adequate anesthetic depth

should correlate with the absence of patient movement to skin incision.” It took

some years before the developers realized that patient movement in response to skin

incision is merely a spinal cord reflex [9, 123, 127] and therefore not predictable from

the cortical electroencephalogram.

Bispectral Index was followed by other EEG-based depth-of-anesthesia monitors:

Narcotrend R© (from MonitorTechnik of Bad Branstedt, Germany), Patient State

Analyzer (or PSA, from Hospira, Inc., of Lake Forest, IL, in the USA), Cerebral State

MonitorTM (from Danmeter A/S of Odense, Denmark), and the AAITM index which

is partly derived from auditory evoked potentials (AEP Monitor/2TM, Danmeter).
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Modern anesthetic depth monitors utilize only one or two electroencephalogram

channels, measured from the forehead of the patient, and are able to produce an

EEG-derived index value ranging from 0 to 100, where low index values denote

deep anesthesia and high values indicate a conscious patient. Ideally a monitor of

anesthetic depth should aim to [28, 41]:

1. achieve a perfect correlation between the drug effect and the value obtained

by the monitor,

2. where this correlation is independent of the drug administered, and

3. there should be no inter-patient variability.

None of the monitors meet these criteria; however, they have been proven to be useful

in the prevention of intraoperative awareness and in generation of cost savings during

anesthesia. Intraoperative awareness occurs when a patient becomes conscious dur-

ing a procedure performed under general anesthesia and subsequently has recall of

these events. In this context, recall refers to explicit memory; i.e., the patient recalls

specific events that took place during general anesthesia [40, 169]. Post-traumatic

stress disorder may occur as a result of intraoperative awareness, and affected pa-

tients may remain severely disabled for extended periods of time [21]. The incidence

of awareness during general anesthesia is 0.1–0.2% [40, 107, 139, 150]. However, the

incidence is greater during cardiac surgery, Caesarean section, and trauma surgery

[40, 107]. With high-risk patients, the use of an anesthetic depth monitor has been

shown to reduce the risk of awareness by 82% [107]. However, in another study, con-

ducted with a common patient population, the use of an anesthetic depth monitor

did not have an effect on the incidence of awareness [150].

While the effect of anesthetic depth monitoring for intraoperative awareness has

not been unambiguously demonstrated, several studies have shown an influence on

anesthetic drug consumption and in some instances on recovery after anesthesia.

Reduction of anesthetic drug consumption has been shown with propofol [39, 177],

isoflurane [47], desflurane [88], and sevoflurane [3]. Faster emergence after surgery

[39, 161, 177] and improved recovery, manifested as wellbeing in the postanesthesia

care unit [39] and sooner readiness to return home [39], have been reported. How-

ever, in some studies no difference was seen in the emergence time after surgery

[3, 88], nor in the time spent in the postanesthesia care unit [115, 177] between the
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group monitored with an anesthetic depth monitor and the control group.

Applied in conjunction, the methods developed in this thesis aim to enable accurate

and reliable monitoring of anesthesia depth.

1.1 Burst suppression

Burst suppression is an EEG pattern that can be produced with large doses of

the most commonly used anesthetics. In burst suppression, the EEG is charac-

terized by suppression periods with intermediating bursts. As anesthesia deepens,

EEG suppression periods start to lengthen in time. In burst suppression, the cere-

bral metabolic rate is maximally reduced; therefore, burst suppression can be used

as a reference point during cerebro-protective treatment, such as in cases of in-

tracranial hypertension or status epilepticus. In comatose intensive care patients,

burst suppression is a typical EEG pattern that can have various etiologies, and

burst suppression monitoring has great value in the intensive care setting [201]. In

deep anesthesia, variables derived from burst suppression can be used to monitor

anesthetic depth, and interpretation of burst suppression is an integral part of all

depth-of-anesthesia monitors.

Thus, the first aim of the thesis project was to develop a method for burst suppres-

sion detection in surgical anesthesia and to integrate it into the depth-of-anesthesia

monitor, enabling accurate monitoring of anesthetic depth in deep anesthesia.

1.2 Facial electromyographic activity

Facial electromyographic (EMG) activity occurs in the frequency range of 0 to >200

Hz, whereas most of the EEG signal occupies the frequency range from 0 to 70

Hz. The EMG amplitude in the frontal area is greatest in the range 20–30 Hz,

and in the temporal area 40–80 Hz. Facial EMG activity attenuates and broadens

centrally. Both frontal and temporal EMG activity have substantial inter-individual

variation.[42] Because of the frequency spectra overlapping the EEG signal, the

EMG is a relevant artifact source for depth-of-anesthesia monitors when the cortical

state of the patient is of interest.

On the other hand, facial EMG activity can be used to monitor adequacy of anesthe-
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sia. During surgery, increased EMG activity indicates enhanced patient responsive-

ness and possible impending arousal. Facial muscles are innervated by both cortical

motor pathways and brain-stem emotive pathways. Furthermore, facial muscles are

more resistant to neuromuscular blockade than are hand muscles, commonly used

for neuromuscular transmission monitoring. However, the frontal EMG does not

have predictive value in monitoring loss or return of consciousness.[164]

The second aim of the research for this thesis was to develop an anesthetic depth

monitor capable of utilizing both cortical information from the EEG signal and

subcortical information from the facial EMG signal – thus differentiating it from the

other available anesthetic depth monitors, and potentially enabling faster response

to impending arousal.

1.3 Epileptiform activity

Epilepsy is the most common neurological disorder. The prevalence of epileptic

seizures has been estimated to be between 0.5% and 5% [110]. Epileptiform elec-

troencephalographic activity can be induced by anesthetic agents even in patients

without diagnosed epilepsy.

Drugs can be roughly divided into two groups, depending on their effect on the

central nervous system. Depressant drugs produce electrocerebral silence and are

used for intentional metabolic suppression of the central nervous system, which is

related to EEG activity. The drugs that produce marked activation have been used

to enhance spike activity in electrocorticography for seizure focus ablation. Differ-

ences in neural depression and excitation correlate with changes in EEG patterns

with increasing doses of anesthetics. Because of the differences between agents, the

effect of each agent must be considered in the choice of anesthetic techniques. When

anesthesia is administered to induce burst suppression and electrocerebral silence,

the most depressant drugs are usually chosen (propofol or thiopental). For local-

ization of seizure foci, most anesthetic drugs must be avoided since they suppress

seizure activity.[158]

Epileptiform EEG activity in sevoflurane anesthesia has been described on several

occasions; the first seizure with confirmed EEG was reported on in a 1997 publication

[198]. That was followed by studies conducted in sevoflurane mask induction eliciting
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epileptiform EEG activity [176, 178, 200]. Epileptiform EEG and seizures have

also been observed and systematically reported in deep steady-state sevoflurane

anesthesia [68]. These studies were conducted with neurologically healthy subjects.

With epileptic patients, sevoflurane evokes epileptiform activity more often than

isoflurane [65]. Patients with brain lesions are at risk of seizure activity during

sevoflurane anesthesia [58]. In a recent study female sex, short delay to onset of

anesthesia, and high alveolar sevoflurane concentration were identified as risk factors

for epileptiform activity in sevoflurane induction with nonepileptic patients [75].

From the other anesthetics, there exist several reports of seizure activity during

propofol anesthesia [191]. Propofol can also enhance interictal activity in some

patients, and, despite its suppressive activity, it is used for identifying and ablating

seizure foci. Nitrous oxide can be either proconvulsant or anticonvulsant. Of the

opioids, alfentanil can be used to enhance epileptic spikes. Ketamine has been

reported to evoke seizure activity in epileptic patients but not in patients without

epilepsy. Etomidate can enhance epileptic activity at low doses and may produce

seizures in epilepsy patients.[158]

With all of these considerations factored in, it appears that epileptiform activity

and seizures in paralyzed surgical patients may be more common than one might

expect. With sevoflurane alone or used in association with other drugs, transient

cognitive impairment has been observed. Subclinical epileptiform discharges may

explain this [75]. Because current EEG monitors used in operating rooms do not

include seizure detectors, the majority of seizures remain undetected and untreated.

Additionally, if depth-of-anesthesia monitors are used without simultaneous EEG

waveform examination, epileptiform activity may result in too deep anesthesia be-

cause of the misleading readings in the anesthetic depth index [23, 77]. Epileptiform

EEG in sevoflurane anesthesia, although generalized, has been shown to be predom-

inant in the frontal region [75], thus making depth-of-anesthesia monitors especially

vulnerable to these waveforms.

The third aim in the thesis work was to develop a method for the monitoring of

epileptiform activity during anesthesia. Anesthesia is a challenging situation, with a

wide range of EEG activity, from awake activity to burst suppression. Therefore, an

important goal was for the method developed to be specific to epileptiform activity
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only, and not to react to any other EEG change occurring during anesthesia. The

method is aimed at improving the reliability of anesthetic depth monitoring and

helping to avoid adverse seizure activity.

1.4 Anesthetic drugs

Propofol is the most commonly used intravenous anesthetic agent, achieving its effect

primarily through the GABAergic transmitter system [137]. The main advantages

of propofol are favorable operating conditions and rapid recovery. On the other side

of the coin, incidence of apnea is relatively high and there are occasional reductions

in blood pressure. Propofol is used as a hypnotic agent; it has mild antinociceptive

effects.

Thiopental is an intravenously used barbiturate that is especially suitable for anes-

thetic induction. Its advantages are prompt onset, smooth induction, and relatively

rapid emergence. Thiopental does not possess analgesic properties.[104]

Ketamine is an intravenously used noncompetitive antagonist of the NMDA recep-

tor. It produces so-called dissociative anesthesia characterized by analgesia, amne-

sia, hallucinations, and catalepsy [83]. Commercially available ketamine is a racemic

mixture of two optical enantiomers, R(-) and S(+) ketamine. Pure S-ketamine is

approved for clinical use in some countries. The analgesic and anesthetic potency

of S-ketamine is greater than that of R-ketamine, enabling an approximately 50%

reduction in dosage from the racemate level. Compared to racemic ketamine, S-

ketamine has similar anesthetic properties, but it is associated with less marked

tachycardia and smoother recovery, with less undesirable excitement or delirium

during emergence.[195] Use of ketamine in single-agent anesthesia is rare; the drug

is currently used at low doses as an adjunct to improve analgesia and to prevent

opioid tolerance.

Dexmedetomidine is an intravenously applied potent, highly selective adrenergic

α2-receptor agonist. It is approved for short-term sedation of patients undergoing

mechanical ventilation in the intensive care unit (ICU). Dexmedetomidine has no

clinically significant adverse effects on respiration [31, 52, 61] and has been shown

to provide effective post-surgical analgesia [2, 186]. Patients sedated with dexmede-

tomidine remain cooperative and can be aroused easily for clinical testing and other



30

procedures [52, 185].

Halogenated ether anesthetics are in common use for anesthetic purposes. These

drugs have a strong hypnotic effect and a stronger antinociceptive effect than pro-

pofol. Today’s most widely used halogenated ether anesthetics are sevoflurane,

desflurane, and isoflurane. Advantages of sevoflurane include its fast inhaled in-

duction, favorable cardiovascular effects, absence of respiratory irritation, and low

solubility (contributing to fast emergence). It is assumed that sevoflurane produces

anesthesia by enhancing the inhibitory GABA transmitter system [137]. Desflurane

is a derivative of isoflurane that has lower solubility than isoflurane and therefore

more rapid pharmacokinetics.

Nitrous oxide is among the most commonly used anesthetic and sedative agents.

In addiction to being an important adjuvant during general anesthesia, it is widely

administered in combination with oxygen for obstetric analgesia and for sedation

in dental and medical procedures.[125] Nitrous oxide acts by inhibiting the NMDA

receptors [138].

Xenon is a noble gas with anesthetic properties believed to be mediated via antag-

onism of the NMDA receptors. Xenon is hypnotic, exhibiting also potent analgesic

action. It has been used experimentally in clinical practice for more than 50 years,

with only its high cost precluding more widespread clinical use. Concerns over

its cost have begun to be mitigated by technological developments in the delivery

and recycling of xenon that should permit much less total gas to be expended in

each anesthetic administration. Xenon is a potential substitute for nitrous oxide as

an analgesic agent, since nitrous oxide has caused environmental concerns because

of its ozone-depleting properties.[138] Xenon has recently been granted marketing

authorization for anesthetic maintenance in Germany [91].

Neuromuscular blockers, administered to provide relaxation of skeletal muscles, are

valuable adjuncts to general anesthesia, and their use in the operating room is quite

common [104]. However, strong scientific evidence supports avoidance of imprudent

use of neuromuscular blocking agents, because of the risk of anaphylactic reac-

tions and postoperative residual curarization [12, 108]. Among the most commonly

used neuromuscular blocking agents are succinylcholine, pancuroniun, mivacurium,

atracurium, and rocuronium.
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The term “opioid” refers broadly to all compounds related to opium. Opiates are

drugs derived from opium; these include the natural products morphine, codeine,

and thepaine, as well as many semisynthetic products derived from them. Syn-

thetic opioids, such as fentanyl and remifentanil, have been developed in order to

provide more potent and specific effect. In humans, morphine-like drugs produce

analgesia, drowsiness, changes in mood, and mental clouding. A significant feature

of opioid analgesia is that it is not associated with loss of consciousness. Although

unconsciousness in humans can be produced with high doses of opioids alone, opioid

anesthesia can be unpredictable and inconsistent.[104] In today’s anesthesia prac-

tice, opioids are used for analgesia.

As another goal, the anesthetic depth monitor developed in the thesis project shall

be applicable with most commonly used hypnotic drugs. A fourth aim of the work

was to investigate the applicability of the anesthetic depth monitor developed in

single-agent S-ketamine anesthesia and in dexmedetomidine sedation.
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1.5 Aims of the thesis

Aim Publication

1. To develop a method for the detection of the burst suppression I, II

pattern and to incorporate it as part of a depth-of-anesthesia

monitor.

2. To develop a depth-of-anesthesia monitor utilizing both cortical II

and subcortical information and that can be applied with

most commonly used anesthetic agents.

3. To develop a method for the monitoring of epileptiform III

electroencephalographic waveforms and to demonstrate the

effects of epileptiform activity on the anesthetic depth monitor.

4. To investigate the monitor developed in S-ketamine anesthesia IV, V

and in dexmedetomidine sedation.

This thesis focuses on the commercially available depth-of-anesthesia monitor

EntropyTM (from GE Healthcare of Helsinki, Finland), which was developed in this

project. The performance of Entropy is compared to that of BIS, which was the first

monitor on the market and has achieved a state as de facto standard. The mathe-

matical methodologies of these two monitors are presented, and their performance

with different anesthetic drugs is discussed, including their limitations with some

specific drugs and epileptiform EEG waveforms.

In view of the research aims, the thesis does not cover the other depth-of-anesthesia

monitors: Narcotrend, Patient State Analyzer, Cerebral State Monitor, and AEP

Monitor/2. These monitors are far less studied than BIS [169] and only two studies

have compared AAI to BIS and Entropy [182, 188]. Examples of reviews of these

monitors are found in other sources [169]. Applicability of middle-latency auditory

evoked potentials to monitor depth of anesthesia is discussed in the work of Drum-

mond, for example [28]. Some non-commercial methods using complexity variables

derived from the time-domain EEG also exist, the most well known being approx-

imate entropy [19]. Although these may have similar characteristics to spectral

entropy [36, 131], which is the mathematical core of the Entropy monitor, they are

not discussed in this thesis.
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2 Electroencephalogram signal processing in

anesthesia

This chapter describes key signal processing methods used in anesthesia monitoring

practice. The methods developed in this work – detection of burst suppression, time-

frequency balanced spectral entropy, and wavelet subband entropy – are presented

in their own sections. Burst suppression detection and time-frequency balanced

spectral entropy are described in greater detail in the corresponding works, publi-

cations I and II. Wavelet subband entropy is unique in its form, and therefore its

mathematical background is presented here in more depth than in Publication III.

Bispectral analysis and Bispectral Index are presented on account of their promi-

nence in depth-of-anesthesia monitoring.

The basics of spectrum estimation with Fourier transforms are presented, because

this constitutes the basis for the spectral entropy and Bispectral Index. The Fourier

transform was also used for EEG spectral analysis in publications IV and V. The

description of the spectrum estimation is based on that in the books Statistical

Digital Signal Processing and Modeling by Hayes [56] and Higher-Order Spectral

Analysis Toolbox User’s Guide of Swami, Mendel, & Nikias [167]. The wavelet

theory material presented here is based on Sörnmo & Laguna’s book Bioelectrical

Signal Processing in Cardiac and Neurological Applications [162]. These books are

recommended reading for further information.

2.1 Time-domain analysis

The EEG is a stochastic, nonstationary signal. In practice, this imposes limits on the

signal processing techniques utilized. However, with certain assumptions, EEG can

be treated as a stationary signal within certain predefined short epochs. To assure

stationarity of the EEG before further signal processing, segmentation of the signal

into stationary epochs is required. This can be carried out with adaptive segmen-

tation. To localize segment boundaries precisely, methods employing fixed-duration

segments cannot be applied. In adaptive segmentation, segment boundaries can

occur at arbitrary positions, depending only on the signal statistics, and are not

limited to predefined frames. Adaptive segmentation can be conducted either via
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parametric [15] or by nonparametric [102] methods. Energy operators are com-

putationally efficient means of carrying out nonparametric adaptive segmentation

[1].

2.1.1 Nonlinear energy operator

Teager’s energy operator (TEO) was literally first presented by Kaiser [76], as a

simple algorithm that enables calculation of the “energy”of a signal. TEO is defined

as:

ΨTEO{x(n)} = x(n)2 − x(n + 1)x(n− 1). (2.1)

Teager’s energy operator is a particular case of a more generalized nonlinear annihi-

lator [119]. In this context, “annihilator” means an operator that possesses an ideal

annihilation property with respect to one signal while remaining ideally transparent

to another; thus it becomes a powerful tool for the separation of short-duration

superimposed signals with highly overlapping spectra. The generalized nonlinear

annihilator can be presented as:

Ψg{x(n)} = x(n− l)x(n− p)− x(n− q)x(n− s), (2.2)

where index values are selected so that l + p = q + s, and |l− q| = |p− s| 6= 0. The

index values can be selected, for example, to be l = 1, p = 2, q = 0, s = 3. With this

selection, the variable known as the nonlinear energy operator (NLEO) is obtained:

ΨNLEO{x(n)} = x(n− 1)x(n− 2)− x(n)x(n− 3). (2.3)

This variable was first used for EEG analysis by Agarwal et al. [1], who utilized it for

nonparametric adaptive segmentation prior to classification in order to compress the

information in long-term EEG recordings in ICUs. Because of its ability to capture

both amplitude and frequency information of EEG signals, its low computational

complexity, and the low susceptibility to noise, NLEO is a useful variable for low-

level EEG signal processing tasks, such as EEG burst suppression detection. Also

Teager’s energy operator has been suggested for burst suppression detection [155].

During suppression, EEG amplitudes can fall to the preamplifier’s electrical noise

level. Therefore, signal processing techniques must tolerate the external noise if

they are to detect EEG suppression periods reliably. Figure 2.1 illustrates with test
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signals (sample frequency: 200 Hz) the behavior of the squaring operation, Teager’s

energy operator ΨTEO, and the nonlinear energy operator ΨNLEO for sinusoidal signal

and also the summation of sinusoidal signal and white Gaussian noise signal. Figure

2.2 presents the periodograms of white Gaussian noise signal w (sample frequency:

200 Hz) and w subjected to the squaring operation {w}2, Teager’s energy operation

ΨTEO{w}, and nonlinear energy operation ΨNLEO{w}. It can be seen that NLEO is

less influenced by white noise in the low-frequency range than the squaring operator

or TEO.

Figure 2.3 presents the periodograms of the sinusoidal test signal x, and x subjected

to squaring operation {x}2, Teager’s energy operation ΨTEO{x}, and nonlinear en-

ergy operation ΨNLEO{x}. The total power of NLEO can be seen to be higher than

the TEO total power; therefore, NLEO is favored over TEO for those applications

where the aim is to eliminate the influence of noise and obtain a good dynamic range

for the detection of signal itself.

2.1.2 Burst suppression detection (I, II)

Adaptive segmentation techniques can be applied for the detection of burst and

suppression EEG patterns. This was first done by Lipping and colleagues [95], who

divided EEG signal into burst, suppression, and artifact categories on the basis of the

integrated absolute signal values in the predefined frequency bands. In this method,

the adaptive segmentation (i.e., segment boundary setting) was done simultaneously

with the EEG classification. The method was developed and tested with the EEG

burst suppression signal from isoflurane and enflurane anesthesia. Review of the

other methods used for burst suppression detection is given in Publication I.

The approach used by Lipping is developed further in Publication I. The publica-

tion describes a method utilizing absolute values for the nonlinear energy operator

instead of absolute signal values, and it compares the performances of these meth-

ods with the EEG burst suppression data from propofol and thiopental anesthesia.

Furthermore, the publication includes spectral analysis of burst patterns with both

anesthetics. In deep propofol anesthesia, spindle oscillations of 14–16 Hz was ob-

served. Those oscillations seemed to occur both during bursts and in suppressions.

In the study, they were therefore treated as suppression, because spindles were rec-

ognized as an independent phenomenon and they are characterized by prolonged
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Figure 2.1: The left column presents a three-second epoch of signal x (sample fre-
quency: 200 Hz), which is a summation of two sine frequencies (3 Hz and 8 Hz), and
its corresponding instantaneous energy {x}2, Teager’s energy operator ΨTEO{x},
and nonlinear energy operator ΨNLEO{x}. The right-hand column presents the sum-
mation of signal x and white Gaussian noise w, and its corresponding instantaneous
energy {x + w}2, Teager’s energy operator ΨTEO{x + w}, and nonlinear energy op-
erator ΨNLEO{x}. In this example, the power of signal x is 2500 times higher than
the power of white noise signal w.
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inhibitory postsynaptic potentials in thalamocortical cells, thus being related to the

unconscious state of a subject [175].

Even though different methods exist for the compression of burst suppression infor-

mation and some new ideas are presented in Publication I, burst suppression ratio

(BSR), as first proposed by Rampil [128], remains the most common burst suppres-

sion derivative in anesthesia practice. The burst suppression ratio is the proportion

of the suppression EEG in the analyzed epoch (usually one minute):

BSR(%) =
total time of suppression

epoch length
· 100%. (2.4)

In deep anesthesia, BSR correlates with anesthetic gas end-tidal concentrations [20,

126]. The BSR value is an integral part of all commercially available depth-of-

anesthesia monitors.

The method used in the study discussed in Publication I was refined further during

the development of the Entropy monitor. The modifications implemented are de-

scribed in Publication II; they included, for example, modification of the filters used.

This was necessary because, in everyday anesthesia monitoring practice, the aim is

to calculate BSR, and thus specific detection of suppressions is the most important

feature. A major problem when one utilizes the technique described in Publication

I is that low-voltage beta activity of the awake patient is easily classified as sup-

pression. Therefore, the cutoff frequency of the low-pass filter used was increased

from 8 Hz to 20 Hz. With that modification, the low-pass-filtered signal used in the

NLEO calculation contains EEG beta activity also (see Table 2.1) and the method

is no longer so prone to false positive suppression detections in awake patients. Fig-

ure 2.4 presents one minute of EEG signal in burst suppression anesthesia and the

corresponding integrated absolute values of NLEO.

The performance evaluation for the method developed and for the Entropy monitor

at the burst suppression level of anesthesia is reviewed in section 3.3.1.
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Figure 2.4: Illustration of the basic principle of burst suppression detection. The
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36%.
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2.2 Frequency-domain analysis

Similarly to time-domain analysis, frequency analysis can be performed either via

nonparametric methods (e.g., a Fourier transform) or by parametric methods using

signal modeling. Spectral analysis based on the discrete Fourier transform (DFT)

is more computationally efficient and is used in commercial products like BIS [124]

and Entropy.

2.2.1 Spectrum estimation

The Fourier transform of the infinite discrete signal x(n) is:

X(ejω) =
∞∑

n=−∞
x(n)e−jnω, (2.5)

where ω denotes digital frequency in radians per sample. In practice, signals of finite

duration with N samples are used; in that case, the DFT is defined as:

X̂(ejω) =
N−1∑

n=0

x(n)e−jnω. (2.6)

An estimate of the power spectral density (PSD), as a periodogram, is obtained

with the convolution theorem:

P̂ (ejω) =
1

N
|X(ejω)|2 =

1

N
X(ejω)X∗(ejω), (2.7)

where ∗ denotes complex conjugate. The cross-biperiodogram is the estimate of

bispectral power in each frequency pair of the signal x(n):

B̂(ejω1 , ejω2) =
1

N2
X(ejω1)X(ejω2)X∗(ej(ω1+ω2)). (2.8)

The nonredundant region of the bispectral space for a continuous-time band-limited

process, with a Nyquist frequency of 0.5, is the triangle with vertices (0, 0); (0.33,

0.33); and (0.5, 0) [167].

The Fourier transform assumes that the signal in the epoch being analyzed is re-

peated outside the epoch. If the signal value and phase at the beginning and at

the end are not the same, there will be an abrupt change or discontinuity, which

introduces additional small components in the spectrum that are not in the original

signal. This is called spectral leakage. Instead of rectangular windows, tapering
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windows can be used, to reduce spectral leakage. Such window forms include trian-

gular (Bartlett), Blackmann, Hamming, and Hanning windows. With added window

function w, Equation 2.6 takes the form:

X̂(ejω) =
N−1∑

n=0

x(n)w(n)e−jnω. (2.9)

The modified periodogram obtained with windowing is:

P̂M(ejω) =
1

NU
|

N−1∑

n=0

x(n)w(n)e−jnω|2, (2.10)

where U is:

U =
1

N

N−1∑

n=0

|w(n)|2. (2.11)

A rectangular window has a narrow main lobe but relatively large side lobes when

compared to the other windows. Therefore, the rectangular window produces the

least spectral smoothing but may lead to masking of weak narrowband components.

The periodogram, modified periodogram, and cross-biperiodogram yield asymptot-

ically unbiased estimates; however, the variance of the estimates does not converge

to zero as N tends to infinity. Thus, the estimate is not consistent. To obtain a con-

sistent estimate of the PSD, K successive and overlapping modified periodograms

can be averaged to reduce the variation of PSD estimates. This is called Welch’s

method, and the periodogram obtained is:

P̂W (ejω) =
1

K

K−1∑

i=0

P̂
(i)
M (ejω). (2.12)

The expected value of Welch’s estimate (2.12) is the same as that of the modified

periodogram (2.10):

E{P̂W (ejω)} = E{P̂M(ejω)} =
1

2πNU
P (ejω) ∗ |W (ejω)|2, (2.13)

where W (ejω) is the Fourier transform of the N -point data window, w(n), used in

Equation 2.10. The variance of the periodogram estimated with Bartlett window

without overlap is approximately proportional to 1/K times the square of the PSD

[56]. In order to obtain a consistent estimate of the bispectrum, averaging and

smoothing windows specifically developed for bispectrum estimation can be used

[112, 167]. If cross-biperiodogram is estimated without averaging in the frequency
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domain, the variance is approximately proportional to 1/K times the triple prod-

uct of PSD [112]. Therefore, generally higher values of K are required to obtain

consistent estimate of the bispectrum than with the PSD.

Alternatively, the periodogram and cross-biperiodogram can be derived using higher-

order cumulants. The second-order cumulant of a zero-mean stationary process is an

autocorrelation sequence. The periodogram, an estimate of second-order polyspec-

trum, is obtained by taking the Fourier transform of the autocorrelation sequence.

Similarly, the cross-biperiodogram, an estimate of third-order polyspectrum, can be

obtained with the Fourier transform of the third-order cumulant.

2.2.2 Classical spectral band powers

The spectral content of EEG signal is often analyzed by dividing the spectrum into

predetermined frequency bands. The boundary frequencies of these bands may vary

a little, depending on the definition applied. Table 2.1 illustrates the frequency

bands with the boundary frequencies used in the studies described in publications

IV and V. Activities in particular frequency ranges and within different regions of

the cortex have been identified as reflecting particular neuronal activities originating

in certain areas of the brain. For further information, see, for example, the work of

John & Prichep [73].

Studies of the anesthetic effects on these classical EEG band powers were not success-

ful and are infrequent nowadays. From the monitoring point of view, one reason is

probably that different anesthetics produce different characteristic changes in these

classical EEG variables, although a common effect with all agents acting via the

GABAA-receptor system is the slowing of EEG rhythms. However, use of spectral

band power information in the monitoring of anesthetic depth is uncommon, and

these variables might be more useful in the study of the physiological mechanisms

of various drugs. On the other hand, band powers do carry important information

for depth-of-anesthesia monitoring. Their main drawback is obviously that, for one

to gain proper understanding of the anesthetic depth, several band power variables

should be used simultaneously and information on the drugs given should be avail-

able. For example, relative delta-band power was one of the classical EEG variables

compared against early versions of BIS [13, 79, 80, 151, 190].
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Table 2.1: Classical EEG frequency band definitions.

Frequency band Frequency range [Hz]

delta, δ 1–3.5

theta, θ 3.5–8

alpha, α 8–13

beta, β 13–30

gamma, γ 30–70

2.2.3 Spectral edge frequencies

Univariate descriptors of the EEG power spectrum, 95% or 90% spectral edge fre-

quency (SEF) and median frequency (or 50% spectral edge frequency, MF), are

traditional variables in anesthesia monitoring. Spectral edge frequency is a 95th or

90th percentile of PSD, and respectively MF is a 50th percentile of PSD.

Characteristically SEFs have large inter-individual variability, and after initial drop

at induction the SEF may increase again to awake level [113]. Furthermore, the EEG

spectrum in anesthesia is often bimodal; i.e., it exhibits two dominant frequency

peaks. This has been demonstrated at least with halothane, enflurane and isoflurane

[94], and propofol [170]. Obviously, this limits the applicability of MF.

During burst suppression, SEF and MF fail to monitor anesthetic depth [170] and

tend to increase as BSR rises [20]. In order to compensate for this effect, burst-

compensated spectral edge frequency (BcSEF) has been proposed [126]:

BcSEF = SEF(1− BSR(%)

100%
). (2.14)

Recent years have seen an increase in the reports of biphasic effects of anesthetics.

This means that at induction there is an initial increase in alpha- and beta-frequency

power, which is followed by the increase in delta and decrease in the alpha and

beta range. This has been systematically demonstrated with propofol [84, 89, 90],

thiopental, etomidate, and sevoflurane [90]. However, EEG in midazolam sedation

does not follow a biphasic time course [90]. Although this effect has been known

for a long time, since it appears in the classical definition of Stockard & Bickford,

recent studies suggest that in propofol anesthesia the effect evolves systematically
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in the induction phase [84]. Obviously, the biphasic effect of anesthetic is one of the

strongest argument against the applicability of SEF and MF.

Sleigh and colleagues [157] introduced the median frequency of EEG signal (of sam-

ple frequency 256 Hz) first derivative. This variable proved to be superior to SEF,

because it filtered out the fluctuating low-frequency artifact noise and emphasized

the importance of gamma rhythms. The authors suggest that the biphasic effect

can be attenuated or even eliminated by the inclusion of higher frequencies in the

EEG signal analyzed.

Similar results were obtained in the recent study of Jordan et al. where a gen-

eralized form of spectral edge frequency, referred to as weighted spectral median

frequency (WSMF), was introduced [74]. In the WSMF approach, new factors for

the spectral edge frequency calculation are introduced. First, edge frequency is cal-

culated not necessarily from PSD but from amplitude spectrum, which is raised to

the power p = [0.1 . . . 2.4]; second, the cutoff frequencies of the original spectrum

are well-defined; and, third, factor r = [0.05 . . . 0.95] is used, the percentile of the

spectrum (e.g., r = 0.5 for MF and r = 0.95 for SEF). With EEG data obtained

from propofol+remifentanil and sevoflurane+remifentanil anesthesia, a high-pass

cutoff frequency of 8 Hz and low-pass cutoff frequency of 30 Hz proved to be use-

ful. Increasing the high-pass cutoff frequency eliminates the effect of eye movement

artifacts and delta activity induced by opioids. Furthermore, p = 0.4 was found to

be optimal, which can be explained by the reduced influence of sudden instances of

high amplitudes in the signal, such as artifacts. With these settings for WSMF, the

authors reported even better performance than that seen with BIS.

2.2.4 Canonical univariate parameter

In measurement of anesthetic drug effect, classical EEG band powers may contain

redundant information [44]. Statistical methods can be used to find the best correla-

tion between EEG frequency content and the modeled drug effect-site concentration.

To avoid usage of redundant band power information, frequency bins with a width

of 3 Hz [38, 44, 144, 145] or classical frequency bands [113] are optimally weighted

to obtain the best possible correlation with the drugs’ effect-site concentration as

obtained from pharmacokinetic–pharmacodynamic (PK–PD) modeling. A variable

derived from weighted frequency bins is called the canonical univariate parameter
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(CUP). First used by Gregg et al. [44] for studying the drug effect of alfentanil,

CUP is derived from the frequency range 0–30 Hz via summing logarithms of each

10 3-Hz normalized frequency bins pk weighted by their individual weights γk.

CUP =
10∑

k=1

γk log pk (2.15)

Later the same method with the same weights was applied for other opioids (fentanyl,

sufentanil, trefentanil, and remifentanil), obtaining better correlation with effect-

site concentration than SEF yielded [38]. Specific weights have been derived for

midazolam+flumazenil [144], for propofol [145], and for sevoflurane+remifentanil

[113]. Generally CUP correlated better with the PK–PD model than variables like

SEF did; in particular, it had less inter-individual variability [38, 44, 113]. With

propofol, CUP displays the biphasic effect [145], which makes it impractical for

monitoring purposes. With sevoflurane+remifentanil, CUP has better correlation

with the PK–PD model than SEF but worse than BIS [113].

A related study with CUP was done by Dressler et al. [27], who studied the frontal-

EEG power spectrum derived from the range 1–127 Hz, in order to find the fre-

quency bins that best discriminate responsive and unresponsive patients in propo-

fol+remifentanil and in sevoflurane+remifentanil anesthesia. The best performance

was found in the frequency ranges <15 Hz and 35–127 Hz; however, the latter is

probably dominated by facial EMG activity. The least discrimination capability was

seen in the range 15–26 Hz.

When one considers all methods described in the three previous subsections, it must

be emphasized that traditional spectral band power analysis and spectral edge fre-

quencies may still have value in anesthesia monitoring. Several studies comparing

the performance of classical EEG band powers, spectral edge frequencies, and mod-

ern depth-of-anesthesia monitors may be biased in favor of modern monitors, such

as BIS and Entropy. These monitors have effective built-in artifact elimination algo-

rithms, which is not necessarily the case with the traditional variables. For example,

when SEF is calculated by the BIS monitor, an equivalent artifact elimination proce-

dure to that of BIS is not applied [113]. However, in some comparison-based studies

these values are directly compared without any visual analysis of EEG waveforms

or additional artifact elimination [141, 142]. A recent study by Koskinen and col-

leagues suggests that, with careful artifact elimination and normalization of inter-
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and intra-individual variations in EEG amplitude, information derived from a rather

wide frequency bins (4-Hz) can be used even in forecasting the instant at which loss

of response to verbal commands takes place [85].

2.2.5 Spectral entropy

Shannon entropy H [153] is the expected value of the self-information I of the

random events X = {xi}, calculated as:

H(X) = E{I(X)} = −
N∑

i

p(xi) log p(xi), (2.16)

where p(xi) denotes the probability of event xi. Relative entropy is calculated by

dividing Equation 2.16 by the maximum entropy, log N :

Hrel(X) = −
∑N

i p(xi) log p(xi)

log N
. (2.17)

Spectral entropy was introduced in 1979 for studying the regularity of Hamiltonian

systems [121]. Power spectral density resembles the probability density function:

after the normalization of PSD for the total spectral power, each frequency bin pk

represents the probability of that frequency occurring in the signal. Spectral entropy

(SpEn) is obtained by applying Equation 2.16 to the PSD:

SpEn = −
N∑

k

pk log pk. (2.18)

SpEn is also often presented in the form of relative entropy.

Spectral entropy was first used in EEG analysis by Inouye et al. in two studies, the

first one concerning EEG desynchronization during mental arithmetic [66] and the

second where the EEG background activity of epileptic patients was studied [67].

In both of these studies, SpEn proved to be a useful measure for EEG desynchro-

nization, measuring irregularity of the EEG signal.

The concept of EEG synchronization refers to a phenomenon related to the behavior

of neuronal populations. These populations display oscillatory behavior when they

are synchronously active, with transient components of sensory evoked potentials

and interictal epileptiform spikes being the exception. Whether these oscillations

can be detected in scalp recordings depends on 1) the extent of the cortical area



47

where the synchronous activity is present, 2) the topology of this cortical area, and

3) the relationship of this area to the measurement sensors. The EEG signal sources

can be modeled in macrocolumns; each contains 105 to 106 neurons. When 30 to 40

macrocolumns (corresponding to an area of 1 cm2) are synchronously acting, a clear

resonance peak in the EEG spectrum can be obtained, thus leading to decreasing

SpEn values when compared to a spectrum without resonance peaks.[117]

Spectral entropy was first utilized for anesthesia EEG signals by Rezek & Roberts,

in 1998 [131]. In anesthesia, EEG spectral entropy has been shown to exhibit similar

characteristics to variables derived with complexity and fractal analysis [36, 131]. It

has been claimed that spectral entropy only reflects EEG power concentration in the

low-frequency band and CUP is its generalization [113]. Although SpEn is sensitive

to EEG slowing, it also reflects neuronal synchronization: Inouye and colleagues

concluded that spectral entropy over the rather narrow alpha band is actually a

more sensitive measure of desynchronization than alpha-band power or alpha peak

frequency [66].

2.2.6 Time-frequency balanced spectral entropy (II)

Publication II describes the algorithm used in the Entropy monitor, based on spec-

tral entropy. The Entropy monitor utilizes different EEG frequencies in a novel

way. Because the periodogram is an asymptotically unbiased estimate of PSD,

higher frequencies can be estimated from shorter time windows than lower frequen-

cies can. This allows fast response in the index value to the change occurring in the

high-frequency range (for example, increased facial EMG activity). This concept is

referred to as time-frequency balanced spectral entropy.

In the Entropy monitor, two spectral entropy variables are derived: state entropy

(SE) from the frequency range 0.8–32 Hz and response entropy (RE) from the fre-

quency range 0.8–47 Hz. Because of the time-frequency balanced concept and to

emphasize response entropy’s ability of fast response, RE is derived from a time

window of 2–15 s and SE from a time window of 15–60 s. Thus, response entropy

can be readily applied for the fast detection of possible impending arousals during

anesthesia, often manifested as elevated facial EMG activity. By contrast, the use

of state entropy is aimed at monitoring the cortical state of the patient, since this

measure is less influenced by EMG activation due to the lower frequency range used.
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In anesthesia, RE–SE difference is suggested for a surrogate measure of the balance

between EEG and facial EMG activity [54, 99, 168, 194], although it should be

remembered that gamma activity occurs in that particular frequency range.

The Entropy algorithm is based on the relative entropy of the PSD; however, nor-

malization for both the SE and RE is done via N0.8−47Hz, which represents the

number of frequency bins for the range 0.8–47 Hz. SpEn values are scaled with the

spline function f(SpEn) in order to improve resolution at light and surgical anes-

thesia levels. As a result, SE and RE values are in the range [0. . . 91] and [0. . . 100],

respectively:

SE = f(SpEn)
SpEn0.8−32Hz

log N0.8−47Hz

, (2.19)

RE = f(SpEn)
SpEn0.8−47Hz

log N0.8−47Hz

. (2.20)

During burst suppression, there is substantial variation in the spectral contents of

the EEG signal. To eliminate the effects of this variation, a 60-s time window is

used for both RE and SE, and, instead of pure SpEn values, burst-compensated

spectral entropy (BcSpEn) values are used. Burst-compensated spectral entropy is

calculated as:

BcSpEn = SpEn(1− BSR(%)

100%
). (2.21)

For example, in Figure 2.4, the BSR value is 36% and the median relative SpEn is

0.58; thus, the relative BcSpEn is 0.36.

Single-channel EEG/EMG signal measured from the forehead is used for the En-

tropy monitoring. Entropy has been validated in propofol, sevoflurane, and thio-

pental+desflurane anesthesia [179]. In Chapter 3, the performance and applicability

of Entropy during burst suppression, with facial EMG activity, and with different

drugs is reviewed.
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2.2.7 Bispectral analysis

Bispectral analysis was first introduced by geophysicists in the early 1960s to study

ocean wave motion, atmospheric pressure changes, seismic activity, and sunspots

[156]. It was applied to EEG signal first by Barnett et al. [10] and Dumermuth et

al. [29] in 1971. Polyspectrum of order higher than two has three advantages over

power spectral analysis [112, 167]:

1. Gaussian processes have zero polyspectrum (and cumulant) of order higher

than two. Due to this property, bispectral analysis has a high signal-to-noise

ratio in applications where the additive noise is Gaussian and the signal is

non-Gaussian.

2. A minimum-phase assumption, which is a necessity for the Gaussian process

or second-order statistics, is not needed. In other words, phase information

for the linear, mixed-phase, non-Gaussian process can be recovered from a

polyspectrum of order higher than two.

3. It enables detection and characterization of the nonlinear properties of mech-

anisms that generate time series via phase relations of their harmonic com-

ponents – for example, bicoherence (see Equation 2.22) is used to study

quadratic phase coupling.

As stated above, the bicoherence index (Bic) can be used to determine the degree of

phase coupling in cases where harmonically related peaks are identified in the power

spectral domain [167]:

Bic(ejω1 , ejω2) =
B̂(ejω1 , ejω2)√

P̂ (ejω1)P̂ (ejω2)P̂ (ej(ω1+ω2))
. (2.22)

Quadratic phase coupling implies interactions among regular stationary oscillators,

and this limits the applicability of the bispectral analysis in practice. As described in

section 2.2.1, the cross-biperiodogram requires longer time periods for its estimation

than a simple periodogram and change in the signal stationarity can take place

within the estimation window.

A Hinich test can be used to test for lack of skewness (loosely termed Gaussianness)

and linearity in the process. The test has two steps: 1) if the bispectrum of the

process is non-zero, the process is non-Gaussian and the test proceeds to the second
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step. In 2) the second step, if the bicoherence is constant, the process is linear.

Hinich tests have been applied to anesthesia EEG with isoflurane+alfentanil [149]

and with propofol+alfentanil [69]. Eight-second epochs were used in the analysis,

and a stationarity test was applied before bispectrum estimation. Both studies

concluded that 90–95% of the anesthesia EEG can be considered to be a linear,

Gaussian random process; i.e., the bispectrum and bicoherence were zero or a mere

constant. As these two pieces of research bears out, most information in the EEG

spectral content in anesthesia can be tracked with power spectral analysis.

However, non-zero bicoherence has been estimated reliably from anesthesia EEG

signal. It has been illustrated that, in order to obtain somewhat consistent esti-

mates, three minutes of EEG is required [49]. On the other hand, the long time

window required might be a consequence of the dominance of linear and Gaussian

EEG periods. Recent work by Rezek, Roberts & Conradt suggests an alternative

method for bispectrum and trispectrum estimation; in this approach, spectra were

estimated from the input noise process of an autoregressive model by a mixture of

weighted Gaussian densities [130]. For bispectrum estimation with simulated test

data, this approach leads to twelvefold savings in the quantity of data required when

compared to a standard autoregressive approach. With this technique, the authors

used only 2.5-second-long epochs to extract total spectral, bispectral, and trispectral

powers in the frequency range 0.5–4 Hz. In the frequency range used in the study,

bispectrum or trispectrum did not improve the informativeness of power spectrum

in propofol anesthesia. However, slightly improved informativeness was obtained

with desflurane and propofol+remifentanil.

Physiological explanation for the usefulness of bispectrum and bicoherence is ob-

scure. Networks of neurons within the brain have nonlinear elements; namely, the

membrane properties of the neurons display strong nonlinear properties [117]. It

has been suggested that the degree of phase coupling is inversely proportional to

the number of independent EEG pacemaker elements [124]. However, the lack of

quadratic phase coupling does not guarantee independence of the components [156].

A plausible explanation has been offered by Hagihira and colleagues [55], who used

bicoherence in examining whether the frequency shift observed in the power spec-

trum is caused by frequency modulation occurring in the same source or the change

in the location of the source. In the first case, the same frequency shift should be

found in the diagonal line of bicoherence space, whereas in the latter case a bico-
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herence peak on the diagonal line would not be detected. Thus, bicoherence would

be a useful tool to study possible reverberations.

Peaks in the diagonal line of the bicoherence at around 4 Hz have been shown

to increase with increasing end-tidal isoflurane concentrations until a plateau is

reached at 1.1% and with increasing end-tidal sevoflurane concentrations until a

plateau is achieved at 1.4%. A similar increasing peak has been observed at around

10 Hz; however, that peak starts to vanish at 1.1% and at 1.4% with isoflurane

and sevoflurane, respectively.[50, 106] Interestingly, these peaks have been shown to

decrease consistently after skin incision, without simultaneous consistent change in

SEF or BIS values [51].

2.2.8 Bispectral Index

Bispectral Index is a result of a multivariate model from a prospectively collected

database of EEG recordings matched to observed anesthetic depth and drug level.

Bispectral Index is widely used in clinical practice and there are over 550 peer-

reviewed publications on BIS.[71] Since 1992, several different versions of the BIS

algorithm have been published; see Table 2.2.

The best description of the BIS algorithm can be found in the article by Rampil

[124]. The article probably describes version 3.2 or 3.3 (see Table 2.2). This version

involves a weighted sum of four variables derived from the time domain, spectral

domain, and bispectral domain. The time-domain variables are BSR and QUAZI

suppression, the latter detects slow wave (<1.0 Hz) activity occurring during burst

suppression, which would otherwise interfere with the original burst suppression

detection algorithm. In the frequency domain, the variable called BetaRatio is

derived as:

BetaRatio = log
P̂30−47Hz

P̂11−20Hz

. (2.23)

In the bispectral domain, the variable SynchFastSlow is derived thus:

SynchFastSlow = log
B̂40−47Hz

B̂0.5−47Hz

. (2.24)

Before calculation of BetaRatio and SynchFastSlow, the spectrum and bispectrum,

derived from two-second epochs, are smoothed using a running average against those

calculated in the previous minute.[124]
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Suppression is detected by calculating the logarithmic power of overlapping one-

second epochs with offsets of 0.5 seconds in the frequency bands 2–30 Hz and 31–40

Hz. For the preliminary classification, the weighted sum of these powers is compared

to the adaptive threshold. Suppression is detected separately for each 0.5-second

epoch if either of the two overlapping one-second epochs is identified as suppressed in

the preliminary classification. The BSR is the percentage of suppressed 0.5-second

epochs in the past 63 seconds.[182]

The BIS algorithm emphasizes BetaRatio most strongly when the EEG has the char-

acteristics of light sedation. SynchFastSlow predominates at surgical levels of hyp-

nosis, and the BSR and QUAZI combination detects deep anesthesia. The weighting

factors are proprietary. The final BIS value on the monitor screen is an average value

for the previous 60 seconds.[124]

Some reverse engineering has been conducted to study characteristics of different

variables for BIS. Sleigh et al. [157] derived BetaRatio, SynchFastSlow, and bispec-

tral power in the frequency bands 0.5–47 Hz and 40–47 Hz. They illustrated that

during induction SynchFastSlow is influenced by the progressive decrease of bispec-

tral power in the band 40–47 Hz and mildly increased bispectral power in the band

0.5–47 Hz at loss of consciousness. Later, the group [103] utilized a subset of the

same data set to compare SynchFastSlow against PowerFastSlow, which was derived

from the same frequency bands as SynchFastSlow but using power spectrum. The

researchers found a significant correlation between these variables. Additionally,

they derived a variable called SFSbicoh, the bicoherence from the corresponding

frequency ranges for SynchFastSlow, to eliminate the influence of changes in signal

amplitude. This variable has not proven to be useful. In the area under receiver

operating characteristics (ROC) curve analysis, SynchFastSlow and PowerFastSlow

displayed roughly similar performance in identifying EEG epochs from awake and

anesthetized states.

As a weakness of these studies it should be noted that the authors utilized only eight-

second-long time windows in the bispectrum estimation, without any averaging.

Although they illustrated the ability of their method to detect quadratic phase

coupling with artificial and stationary test signals, previous studies suggested that

a three-minute window is required if one is to obtain a consistent estimate of the

bicoherence with stochastic EEG signal measured in anesthesia [49], and even BIS



53

Table 2.2: An overview of Bispectral Index development, adapted from several
sources [41, 71, 72, 81].

BIS version Release Comment

1.0 1992 Agent-specificity, modified for analgesic dose,

clinical endpoint: response to skin incision

and hemodynamic response to laryngoscopy

2.0 1994 Reformulation of index, agent-independence,

clinical endpoint: hypnosis and awareness

2.5 1995 Awake-EEG recognition

3.0 1995 Sedation performance enhanced by incorporating

high-frequency band

3.1 1996 Enhanced burst suppression detection

3.2 1997 EMG and near-suppression handling improved

3.3 1998 Improved EMG detection

3.4 1999 15-second smoothing,

less susceptible to arousal delta EEG on emergence

4.0 2001 XP-level, dual-channel sensor for the elimination

of EMG contamination and eye movement artifacts,

enhanced near-suppression detection, and

electrocautery artifact filtering

4.1 2004 Improved performance in sedation range
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is derived from one-minute windows [124]. Additionally, EEG signal obtained over

a non-standard inter-hemispheric montage was used, and signal analysis covered

only the induction period of anesthesia – the period when BetaRatio probably has

greater influence than SynchFastSlow on the BIS.

Because results from the BIS development database are not made public, it is dif-

ficult to conclude anything about the advantages of bispectral analysis over power

spectrum analysis. As mentioned above, bispectral analysis is affected by several

factors contributing to variance in estimation. It is questionable whether these fac-

tors are always fully taken into account in comparison of bispectral values to power

spectral values. Excluding Aspect Medical Systems, the Japanese group including

Hagihira and Morimoto is probably the most experienced in bispectrum estimation

for anesthesia EEG. Even they have reported that at BIS levels of 30 to 80, SEF

correlated significantly better with BIS than the SynchFastSlow variable derived by

the authors themselves [105].

Additionally, BIS has been criticized because the basis of the algorithm is not freely

available and it is difficult to interpret the changes in terms of known neurophys-

iological processes. Additionally, the exact point at which individual patients lose

consciousness occurs over a wide range of BIS values, it exhibits a significant time

lag, and it does not reliably warn of impending arousal [157]. Time delays have been

studied with artificial test signals; in that study, the delay from the “awake” BIS

value of 98 to the“general anesthesia”BIS value of 52 was 14 s, and, vice versa, from

“general anesthesia” to “awake” was 30 s [118], demonstrating the nonlinear behav-

ior of the BIS algorithm. Although the delay seems long, it should be remembered

that EEG signals in anesthesia seldom change instantly, instead exhibiting gradual

change.

Index values from two BIS-XP monitors for the same patients have been compared

with each other [111]. In this setup, another sensor needs to be attached, just above

the eyebrows, contrary to recommendations. With that positioning, the EMG sig-

nal is typically more dominant than with electrodes higher on the forehead [42],

and EEG signal amplitudes may be smaller, because of the attenuation effect of

the frontal sinuses. Although the results were not biased, they indicate that both

effects influenced the results. With one patient there was a particularly large dif-

ference between monitors in the burst suppression period. Similar discrepancy can
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be observed with high BIS values, when the EMG certainly influences the final BIS

values. A recent report on a study [60] with three-electrode configuration for BIS

stated that during induction the BIS value originating from a sensor in the rec-

ommended position decreased earlier than the BIS value originating from a sensor

located lower on the forehead. During emergence, the order was reversed. These

observations suggest that facial EMG is a dominant factor in BIS calculation and,

thus, correct electrode placement is a critical factor.

Limitations of the BIS monitor with certain drugs, types of electrical interference,

clinical conditions, and abnormal EEG patterns are discussed in the works of Dahaba

and Kelley [24, 81]. Publication III describes the effect of epileptiform EEG on BIS.

2.3 Wavelet analysis

An important aspect of wavelet analysis is the desire to achieve good localization in

both time and frequency. With two new degrees of freedom of the basis functions,

scaling and translation, it is possible to analyze and resolve the joint presence of

global waveforms as well as fine structures in signals by using wavelet analysis. The

fundamental basis of analyzing signals at different scales, with an increasing level of

detail resolution, is referred to as multiresolution analysis. In the following sections,

wavelet analysis is described in the extent necessary for understanding the basis of

wavelet subband entropy.

2.3.1 Definition of a wavelet

A family of wavelets ψs,τ (t) is defined by scaling and translating the mother wavelet

ψ(t) by means of the continuous-valued parameters: scale s(> 0) and translation τ :

ψs,τ (t) =
1√
s
ψ(

t− τ

s
), (2.25)

where s and τ are real numbers. The factor 1/
√

s assures that all scaled functions

have equal energy. Thus, the wavelet is compressed for 0 < s < 1, whereas it is

expanded for s > 1. The compression of the wavelet to a smaller scale makes it more

localized in time, while the corresponding frequency response is shifted to higher

frequencies and the bandwidth is increased to become less localized in frequency;

the reverse behavior is obtained when the wavelet is expanded in time.
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The continuous wavelet transform (CWT) of a continuous-time signal x(t) is defined

by the correlation between x(t) and a scaled and translated version of ψ(t):

W (s, τ) =
∫ ∞

−∞
x(t)

1√
s
ψ(

t− τ

s
)dt, (2.26)

thus constituting two-dimensional mapping to the time-scale domain. The signal

x(t) can be exactly recovered from Equation 2.26 by using the reconstruction equa-

tion:

x(t) =
1

Cψ

∫ ∞

−∞

∫ ∞

0
W (s, τ)

1√
s
ψ(

t− τ

s
)
dτds

s2
, (2.27)

where

Cψ =
∫ ∞

0

|Ψ(ω)|
|ω| dω < ∞ (2.28)

and Ψ(ω) refers to the Fourier transform of ψ(t). For the integral in Equation 2.28

to exist, Ψ(0) must equal zero; i.e., the DC gain must be zero:

Ψ(0) =
∫ ∞

−∞
ψ(t)dt = 0 (2.29)

and

lim
|ω|→∞

|Ψ(ω)| = 0. (2.30)

Equations 2.29 and 2.30 imply that the wavelet function ψ(t) must have bandpass

characteristics.

2.3.2 Discrete wavelet transform

The CWT is a two-dimensional function W (s, τ) that is highly redundant. It is,

therefore, necessary to discretize the scaling and translation parameters s and τ

according to a suitably chosen sampling grid. The most popular approach is to use

dyadic sampling of the two parameters:

s = 2−j, τ = k2−j, (2.31)

where j and k are integers. Accordingly, the discretized wavelet function is defined

by:

ψj,k(t) = 2j/2ψ(2jt− k). (2.32)

Inserting Equation 2.32 into CWT in Equation 2.26, we obtain the discrete wavelet

transform (DWT):

Wj,k =
∫ ∞

−∞
x(t)ψj,k(t)dt. (2.33)
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It can be shown that with dyadic sampling it is still possible to exactly reconstruct

x(t) from the coefficients Wj,k resulting from discretization of the CWT; a coarser

sampling grid is retrieved via the inverse DWT, or the wavelet series expansion:

x(t) =
∞∑

j=−∞

∞∑

k=−∞
Wj,kψj,k(t), (2.34)

where ψj,k(t) is a set of orthonormal basis functions.

2.3.3 Multiresolution analysis

A signal can be viewed as the sum of a smooth part and a detailed part; the smooth

part reflects the main features of the signal (and therefore is called an approximation

signal), whereas the faster fluctuations represent the details of the signal. The

separation of a signal into two parts is determined by the resolution with which the

signal is analyzed. A progressively better approximation of the signal is obtained by

increasing the resolution so that finer and finer details are included in the smooth

part. The approximation of a signal x(t) at scale j is defined as xj(t). At the

next scale, j + 1, the approximation signal xj+1(t) is composed of xj(t) and the

details yj(t). By adding more and more detail to xj(t), we arrive, as the resolution

approaches infinity, at a dyadic multiresolution representation of the original signal

x(t):

x(t) = xj(t) +
∞∑

l=j

yl(t). (2.35)

The scaling function ϕ(t) is introduced for the purpose of efficiently representing the

approximation signal xj(t) at different resolution. The approximation coefficients

aj of the series expansion result from computing the inner product:

aj(k) =
∫ ∞

−∞
x(t)ϕj,k(t)dt. (2.36)

Analogously to dyadic sampling of the wavelet function ψ(t) in Equation 2.32, the

scaling function can be generalized through dyadic sampling to generate a set of

orthonormal scaling functions for approximations at different resolutions:

ϕj,k(t) = 2j/2ϕ(2jt− k). (2.37)

Scaling functions with different translation indices k for a fixed scale j are orthonor-

mal to each other. However, scaling functions are not required to be orthonormal
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between different scales. An important relation is the refinement equation that

relates ϕ(t) (spanning the subspace ν0) to ϕ(2t) (spanning the subspace ν1), where

these subspaces are such that ν0 ⊂ ν1:

ϕ(t) =
∞∑

n=−∞
hϕ(n)ϕ1,n(t) =

√
2

∞∑

n=−∞
hϕ(n)ϕ(2t− n), (2.38)

where hϕ(n) is a sequence of scaling coefficients.

The wavelet function ψ(t) complements the scaling function by accounting for the

details of a signal, rather than approximations. Wavelet functions (see Equation

2.32) at scale j are orthonormal to the scaling functions at scale j. Detail coefficients

dj(k) can be calculated as the inner product of the signal x(t) and the wavelet

function ψj,k(t):

dj(k) =
∫ ∞

−∞
x(t)ψj,k(t)dt. (2.39)

The coefficients dj(k) are the same as Wj,k in Equation 2.33. Similarly to the

refinement equation of the scaling function, the wavelet function can be expressed

by the wavelet equation:

ψ(t) =
∞∑

n=−∞
hψ(n)

√
2ϕ(2t− n). (2.40)

The coefficients hψ(n) constitute a sequence of wavelet filter coefficients. These

coefficients can be determined from the scaling coefficients hϕ(n) such that, when

the number of scaling coefficients Nϕ is finite and even:

hψ(n) = (−1)nhϕ(Nϕ − 1− n) n = 0, ..., Nϕ − 1. (2.41)

The two types of coefficients are thus the same except that the coefficients alternate

in sign.

2.3.4 Mother wavelets

Since the requirements presented in section 2.3.1 for the mother wavelet are relatively

modest, the wavelets are highly adjustable functions that can be designed to suit

various signal processing applications. The simplest wavelet example is the Haar

wavelet, which is defined as:

ψ(t) =





1, 0 ≤ t < 1
2

−1, 1
2
≤ t < 1

0, otherwise.

(2.42)
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The corresponding scaling function is:

ϕ(t) =





1, 0 ≤ t < 1

0, otherwise.
(2.43)

The Haar wavelet belongs to the Daubechies wavelet family, as the Daubechies

wavelet of order N = 1. In this wavelet family, the number of wavelet filter and

scaling coefficients is equivalent to 2N . Figure 2.5 presents Daubechies scaling and

wavelet functions of orders N = 1, 2, 3.

2.3.5 The Mallat algorithm

An important reason for the popularity of multiresolution analysis is the efficient

calculation of DWTs with filter-bank implementation by means of the Mallat al-

gorithm, sometimes called a fast wavelet transform (FWT). In this technique, the

wavelet transform is obtained by cascade implementation of a filter bank of two fil-

ters: a high-pass and low-pass filter. Approximation coefficients aj are obtained by

the convolution of time-reversed scaling coefficients hϕ(−n) and the approximation

coefficients aj+1(n) on the finer scale, followed by subsequent downsampling by a

factor of two:

aj(k) =
∞∑

n=−∞
hϕ(n− 2k)aj+1(n) = hϕ(−n) ∗ aj+1(n)|n=2k. (2.44)

In an analogous manner, the wavelet coefficients dj(k) can be calculated by convolv-

ing the time-reversed wavelet filter coefficients hψ(−n) with aj+1(n) and subsequent

downsampling of the filtered output by a factor of two:

dj(k) =
∞∑

n=−∞
hψ(n− 2k)aj+1(n) = hψ(−n) ∗ aj+1(n)|n=2k. (2.45)

Figure 2.6 illustrates the implementation of the Mallat algorithm. For the initial-

ization it is often decided that the signal itself serves to provide the approximation

coefficients aj in the first stage (a5 in Figure 2.6). It is important to realize that the

scaling and wavelet functions do not explicitly appear in calculation of the DWT

by means of the Mallat algorithm; only the scaling filter coefficients and wavelet

filter coefficients are required. The frequency-domain interpretation comes from the

filter parts of equations 2.44 and 2.45. An example of the frequency responses of

a five-level filter bank with mother wavelets Daubechies 1, 2, and 3 is presented in
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Figure 2.5: Scaling functions of Daubechies 1 (panel A), 2 (panel C), and 3 (panel
E) in the left column, with the corresponding mother wavelet functions in the right
column.
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Figure 2.7. As illustrated, increasing the order of the Daubechies mother wavelet

enhances the separation of frequencies.

2.3.6 Wavelet entropy

Wavelet entropy (WE) is proposed for the analysis of short-duration epochs of EEG

activity, such as event-related potentials [122, 135]. To obtain WE, wavelet energy

E
(Nj)
j at each fixed scale j is first derived from running windows of length Nj:

E
(Nj)
j =

mj+Nj−1∑

k=mj

dj(k)2, (2.46)

where mj is running index within each level j. Ej can also be normalized with Nj

of each resolution level in order to calculate the mean energy of coefficients at each

level and within each epoch [135]. Total energy Etot over all scales used is calculated:

Etot =
∑

j

E
(Nj)
j =

∑

j

mj+Nj−1∑

k=mj

dj(k)2. (2.47)

To obtain relative wavelet energy (RWE) at each scale and within each epoch,

wavelet energy at each scale is divided by the total energy over all scales:

p
(Nj)
j =

E
(Nj)
j

Etot

=
E

(Nj)
j

∑
j E

(Nj)
j

=

∑mj+Nj−1
k=mj

dj(k)2

∑
j

∑mj+Nj−1
k=mj

dj(k)2
. (2.48)

In calculation of RWE, the aim is to use relatively short windows; i.e., Nj is small.

It must be remembered that different scales have different numbers of coefficients,

and therefore the shortest epoch must contain at least one sample from the smallest

j used. The wavelet entropy is calculated from RWE distributions between scales:

WE = −∑

j

p
(Nj)
j log p

(Nj)
j . (2.49)

Although this method might be useful in analysis of short-duration signals, where,

in addition, wavelet analysis is most beneficial in comparison to Fourier analysis, it

is questionable whether it adds something relevant to SpEn when one is analyzing a

continuous EEG signal in epochs of a few seconds. When WE was applied for epilep-

tiform EEG activity, 2.5-second-long epochs were used and WE clearly reflected the

changes in the corresponding RWE values [134]. In Figure 2.8, relative forms of WE

and SpEn are calculated from five-second epochs sliding one second at a time. As

we have seen, the two variables behave quite similarly on this occasion, but neither

is a specific indicator of epileptiform activity in anesthesia.
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Figure 2.6: Schematic illustration of the Mallat algorithm. The original signal is
a5(k).
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Figure 2.7: Frequency responses of the Mallat algorithm filter-bank implementa-
tion with Daubechies 1, 2, and 3. The original signal is sampled at 128 Hz. Vertical
dashed lines represent the center frequencies of each wavelet basis function.
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Figure 2.8: Electroencephalogram (EEG), Bispectral Index Scale (BIS), spectral
entropy (SpEn), and wavelet entropy (WE) during sevoflurane mask induction. Ab-
breviations are “AW” for awake activity, “DSM” for slow-delta monophasic activity,
“DSMS” for slow-delta monophasic activity with spikes, and “PD” for periodic dis-
charges. The BIS value remains over 60 in deep anesthesia with epileptiform activity,
thus indicating moderate sedation [81]. Spectral entropy is calculated over the fre-
quency range 1–47 Hz. SpEn decreases at the onset of DSM activity but starts to
increase with emerging spike activity, to reach almost the awake level during the
PD period. Wavelet entropy is calculated over the five-level Daubechies 3 wavelet
decomposition, therefore including frequencies 2–64 Hz. Because the original EEG
contains only frequencies up to 47 Hz, wavelet entropy makes effective use of the
same frequency range as spectral entropy 1–47 Hz. As can be seen, wavelet entropy
behaves quite similarly to spectral entropy. In this example, there are some dif-
ferences during awake and DSM periods. As this example illustrates, BIS, SpEn,
and WE are sensitive indicators of epileptiform activity but not specific to epilep-
tiform activity only, since the same index values may be obtained as a result of
non-epileptiform EEG activity occurring in anesthesia; therefore, their applicability
for patient monitoring purposes is limited. The data set used is the same as in
Figure 6D in Publication III.
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2.3.7 Wavelet subband entropy (III)

Publication III presents a novel variable, wavelet subband entropy (WSE), derived

over the obtained wavelet coefficients only within each scale. To calculate the WSE

value, detail coefficients dj are squared to obtain coefficient energy E
(1)
j , which is

the same operation as that in Equation 2.46 but with window length Nj=1.

E
(1)
j (k) = dj(k)2 (2.50)

Relative coefficient energy p̃j within each scale j and each epoch of length Nj is

calculated by dividing E
(1)
j by the signal energy E

(Nj)
j (see Equation 2.46) within

each scale and given epoch of length Nj:

p̃j =
E

(1)
j

E
(Nj)
j

=
dj(k)2

∑mj+Nj−1
k=mj

dj(k)2
. (2.51)

Relative coefficient energies within each scale j and epoch are used in the calculation

of WSE:

WSEj = −
Nj∑

n=1

p̃j(n) log p̃j(n). (2.52)

It is advantageous to use the relative form of Shannon entropy, because it facilitates

comparison between WSE values obtained from different scales with different Nj.

Wavelet subband entropy can be interpreted to describe how concentrated energy

is over a given time. Additionally, by using different mother wavelets, WSE can

be used as an indicator of the correlation between the wavelet of the scale under

consideration and the signal being observed, as is demonstrated in Publication III.

In the preliminary study [34] conducted with the same data as Publication III, WSE

values derived with the mother wavelet Daubechies 3 were used in combination

with 43 other variables derived from the single-channel EEG signal in order to

develop a classification algorithm for different epileptiform waveforms. The other

variables included time-domain measures for EEG signal (mean, median, root-mean-

square, and peak-to-peak amplitudes), measures derived from wavelet coefficients

of each scale (standard deviation, skewness, and kurtosis), and spectral domain

measures (peak power, peak frequency, spectral edge frequency, median frequency,

entropies, relative powers, and absolute powers in different frequency bands). In

this study, WSE variables turned out to have the best classification capability and

were therefore selected for further development.
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In Publication III, WSE values were calculated for both the approximation and de-

tail coefficients, with five different scales and with three mother wavelets: Daubechies

1, 2, and 3. The WSE of approximation coefficients did not prove to be useful, prob-

ably because of the wider pass-band characteristics of the low-pass stage of the filter

bank in the Mallat algorithm. Figure 2.7 presents the frequency responses of the

Mallat algorithm when applied to EEG signal in Publication III with sample fre-

quency 128 Hz. In the study, two different morphologies of epileptiform activity

were considered relevant for monitoring purposes: a slow monophasic pattern in the

delta-activity frequency range and epileptiform spike activity. It was observed that

spike activity was best captured with Daubechies 3 of scale j = 3 – i.e., roughly cor-

responding to frequency band 16–32 Hz (see Figure 2.7). The monophasic pattern

was best detected with Daubechies 1 of scales j = 1 and j = 2 (roughly correspond-

ing to frequency bands 4–8 Hz and 8–16 Hz, respectively). The WSE variables from

these two scales were combined into a single variable, combined wavelet subband

entropy (cWSE), using weights obtained from linear regression analysis:

cWSE4−16Hz = 0.4391 ·WSE4−8Hz + 0.5609 ·WSE8−16Hz. (2.53)

Although numerous and varied techniques have been proposed for the monitoring

of epileptiform activity in different contexts, none of the methods have been applied

in anesthesia monitoring practices for that purpose – actually, some of the methods

are in use for depth-of-anesthesia monitoring (for example, spectral entropy [67]). It

must be remembered that anesthesia is a challenging condition, in which the EEG

exhibits a wide range of activity types, starting with the awake-state EEG when

the patient is admitted to the operating room and ending in the delta, or burst

suppression, activity of the anesthetized patient. As is obvious, development of a

specific indicator of epileptiform activity for these purposes is challenging, and it is

probable that those signal processing techniques that utilize the whole spectrum of

the EEG signal (such as 1–47 Hz) are not specific enough, even though they may

be sensitive as is illustrated in Figure 2.8 with spectral entropy and wavelet entropy

present.

Some attempts to develop a subband-specific EEG indicator utilizing wavelet and

entropy analyses have been made at Johns Hopkins University [4, 5, 114]. In two of

these studies [4, 5], the equation for wavelet entropy (2.49) is presented. However

these studies present wavelet entropy results from different subbands, indicating
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that the authors derive their WE variable differently than described.

Because descriptions in these studies could be misunderstood as comparable to the

WSE variable presented in Publication III and in Equation 2.52, this topic is dis-

cussed further. In the material presented below it is assumed that the variables

derived in the studies are calculated as presented by Paul and colleagues [114]. The

coefficient energy E
(1)
j is first derived as in Equation 2.50. After that, RWE is

calculated for each coefficient separately (note the difference for Equation 2.48):

p
(1)
j =

E
(1)
j

Etot

=
E

(1)
j (k)

∑
j

∑mj+Nj+1
k=mj

E
(1)
j (k)

=
dj(k)2

∑
j

∑mj+Nj+1
k=mj

dj(k)2
. (2.54)

Entropy for each subband is obtained thus:

WEj = −
Nj∑

n=1

p
(1)
j (n) log p

(1)
j (n). (2.55)

The authors call the variable subband wavelet entropy. However, it should be

noted that this variable is not a pure measure of each subband’s activity, since

Equation 2.54 takes into account the energy of the whole signal, Etot, as well. For

clarification, in this thesis Equation 2.55 is referred to as that for wavelet entropy

of scale j (WEj). As Figure 2.9 illustrates, WEj follows the relative wavelet energies

p
(Nj)
j of the corresponding subband and there is considerable doubt as to whether

utilization of the Shannon entropy equation offers any extra information in this

application. The same figure illustrates WSE as calculated from identical scales

to WEj. As can be observed readily, WSE can capture subband-specific entropy

information independently from relative wavelet energies. Furthermore, based on

the results from the extensive data set used in Publication III WSE is specific to

epileptiform activity only (excluding eye movement artifacts at the beginning of the

record and burst suppression) and does not react to any other EEG changes during

anesthesia.
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Figure 2.9: Electroencephalogram (EEG) and processed wavelet variables WSEj,
WEj (blue), and RWEj (green) from different subbands during sevoflurane mask
induction. Daubechies 3 is used as the mother wavelet. The data set used is the
same as for Figure 6D in Publication III.
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3 Evaluation of the methods developed

This chapter presents an overview of the evaluation of the methods developed in the

thesis project. First, integration of burst suppression quantification into the depth-

of-anesthesia indices SEF, BIS, and Entropy is discussed. Second, the effect of facial

electromyographic activity on depth-of-anesthesia monitors and the Entropy moni-

tor’s ability to make use of both EEG and EMG signal information are discussed.

Third, the discussion addresses the performance of wavelet subband entropy for mon-

itoring epileptiform EEG waveforms and to detect misleading depth-of-anesthesia

monitor readings.

Methods used in evaluating the performance of depth-of-anesthesia monitors are

reviewed, as are studies with a relationship to the Entropy and Bispectral Index

tools in anesthesia monitoring with different drugs. Publication IV presents results

and explanation for the limited applicability of Entropy on the basis of quantitative

EEG analysis from single-agent S-ketamine anesthesia. Publication V is one of the

first two studies to describe the effects on the human EEG of the recently introduced

sedative drug dexmedetomidine.

3.1 Definitions of anesthetic depth

3.1.1 Observed depth of anesthesia

In the past, responses such as movement [79] and increased heart rate or blood

pressure [80] to noxious stimuli were used as control metrics in development of

EEG indicators of anesthetic depth. However, response to noxious stimuli does not

necessarily reflect cortical processing; it can be merely subcortical reflex [9, 123, 127].

Accordingly, responses to these stimuli are less suitable for use in studying EEG-

based variables. Comprehension of that fact began a new era in EEG-based depth-

of-anesthesia monitoring.

The observer’s assessment of alertness/sedation scale, or OAAS, was introduced by

Chernik and colleagues in 1990 [22]. Glass and colleagues used a modified form of

it (shown in Table 3.1) for the validation of BIS [41] in 1997. Because the OAAS

requires intermittent interventions affecting the patient, in many studies only a loss
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Table 3.1: The modified observer’s assessment of alertness/sedation scale (OAAS)
as proposed by Glass et al. [41].

Score Responsiveness

5 Responds readily to name spoken in normal tone

4 Lethargic response to name spoken in normal tone

3 Responds only after name is called loudly and/or repeatedly

2 Responds only after mild prodding or shaking

1 Does not respond to mild prodding or shaking

0 Does not respond to noxious stimulus

of response to verbal commands (defined as a loss of consciousness, LOC) is used

in the assessment. LOC is identical to the transition OAAS<3. Alternatively, loss

of eyelash reflex is also used. In propofol induction, loss of this reflex occurs, on

average, between OAAS=4 and OAAS=3 [70].

Because the OAAS scale is based on the patient’s responses, comparison between

the OAAS score and EEG-derived indicator is subject to systematic errors when

muscle relaxants or opioids are in use. It has been shown that when remifentanil is

given before the start of propofol induction the patient does not respond to noxious

stimuli even at the level OAAS=4 [70, 165]. Therefore, the dependency relationship

between the EEG and the modified OAAS score (see Table 3.1) is more reliable at

levels 3 to 5, where it measures responses to verbal commands (i.e., merely cortical

processing), whereas levels 2 down to 0 reflect responses to tactile or noxious stimuli,

related to the subject’s subcortical state.

3.1.2 Anesthetic drug concentration

Pharmacokinetic–pharmacodynamic (PK–PD) modeling separates the relationship

between drug dose and effect into two successive physiological processes. The phar-

macokinetic side of the model describes how the concentration of the drug varies with

time and site, while the pharmacodynamic side describes the relationship between

the concentration of the drug at its effect site and its measured effect.

Effect-site concentration Ce is estimated from the end-tidal (with inhalational drugs)



70

or plasma (with intravenous drugs) concentrations Cp via pharmacokinetic modeling:

dCe

dt
= (Cp − Ce) · ke0, (3.1)

where ke0 is the rate constant determining the efflux from the effect site. The relation

between anesthetic drug effect-site concentration and the EEG-derived variables is

often modeled with the pharmacodynamic sigmoid Emax model [32, 100, 182]:

Effect = E0 − (E0 − Emax) · Cγ
e

ECγ
50 + Cγ

e
, (3.2)

where Effect is the predicted electroencephalographic effect, E0 is the baseline mea-

sure of the EEG-derived variable and Emax is the EEG-derived variable at maximum

possible drug effect, Ce is the calculated effect-site concentration, EC50 is the effect-

site concentration associated with 50% of maximal drug effect, and γ is the steepness

of the concentration-versus-response relation. With isoflurane and with propofol, in

the case where the EEG signal contains burst suppression, the model including two

sigmoid functions has been applied [33, 87].

Although the models used correspond surprisingly well to the measured BIS and

Entropy values, it should be remembered that comparison studies are usually con-

ducted without surgical stimulus. If surgical stimulus is applied, the concentration

v. effect curve is shifted towards higher concentrations; with volatile anesthetics, ap-

proximately 2 to 3 times higher concentrations are required to maintain the desired

level of cortical suppression [133]. Nociceptive stimulus may influence the level of

consciousness or at least the level of electrical activity in the brain. In addition, the

models are based on population mean and therefore they do not take interindividual

variation into account.
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3.2 Methods of performance estimation

3.2.1 Receiver operating characteristics

A receiver operating characteristics curve is a technique for visualizing, organizing,

and selecting classifiers on the basis of their performance. ROC curves have long

been used in signal detection theory to depict the tradeoff between hit rates and

false alarm rates of classifiers. The method was developed for radar signal processing

[116], where its name originates. Today ROC curves are widely used in the medical

sciences.

An ROC analysis is based on the two-by-two confusion matrix, also called a con-

tingency table. The confusion matrix presents the number of true and false classi-

fications made by the classifier. Table 3.2 presents the confusion matrix applied to

depth-of-anesthesia monitoring. In this application, a positive classification means

consciousness and a negative one unconsciousness. From the confusion matrix sev-

eral different performance measures can be derived. Equations 3.3 through 3.7

present some of the most widely used.

Sensitivity =
TP

TP + FN
(3.3)

Specificity =
TN

TN + FP
(3.4)

PPV =
TP

TP + FP
(3.5)

NPV =
TN

TN + FN
(3.6)

Accuracy =
TP + TN

TP + TN + FP + FN
(3.7)

An ROC curve depicts relative tradeoffs between benefits (true positives/negatives)

and costs (false positives/negatives). The curve displays sensitivity as a function of

1-specificity. The lower left point in the ROC space (0,0) represents the strategy

of never issuing a positive classification; such a classifier yields no false positive

errors but also identifies no true positives. The opposite classifier is represented

by the upper right point (1,1), and the point (0,1) represents perfect classification.

The diagonal line represents the strategy of randomly guessing a class. A discrete

classifier produces a single point in the ROC space, but an ROC curve can be
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Table 3.2: Confusion matrix applied in evaluation of the accuracy of depth-of-
anesthesia monitors.

Monitor’s assessment Clinical assessment

Conscious Unconscious

Conscious True positives (TP) False positives (FP)

Unconscious False negatives (FN) True negatives (TN)

drawn by varying the threshold from −∞ to ∞. In contrast to positive predictive

value (PPV) and negative predictive value (NPV), ROC curves are insensitive to

changes in class distribution. The area under the ROC curve is equivalent to the

probability that the classifier will rank a randomly chosen positive instance higher

than a randomly chosen negative instance.[35]

The anesthetic depth monitors do not have numeric thresholds for loss and/or return

of consciousness. In the performance studies, threshold values have been derived

from the available data; however, those values have not been validated with a large

patient population. Additionally, for each individual patient the loss and return

of consciousness are associated with different BIS values [143]. Furthermore, the

performance studies are usually carried out with relatively healthy adult patients

without neurologic diseases, medications affecting the central nervous system, or

alcohol/drug abuse. In practice, monitors like BIS and Entropy are more useful

for providing trend information for individual patients [28] and measures requiring

threshold values are less suitable for the analysis of their performance.

Avoidance of false negatives has been stated to be clinically more important in an

anesthetic depth monitor than prevention of false positives [28]. It is justified for

clinicians to seek a specific numeric threshold that can be interpreted as meaning

“not aware.” Practically, awareness during anesthesia is a rare event, and there-

fore a monitor with no false negatives might cause false positive events in greater

numbers than the false negatives it prevents. Often the specified thresholds are

equally balanced between false negatives and false positives by maximizing the sum

of sensitivity and specificity.
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3.2.2 Prediction probability

Prediction probability PK has become a standard measure in the evaluation of depth-

of-anesthesia monitors against clinical endpoints. Both the anesthetic depth indica-

tor value and the observed anesthetic depth are ordinal variables. Therefore, ideal

indicator performance is achieved when observed anesthetic depth is mathematically

a monotonically nondecreasing function of the indicator’s value. PK is used to assess

this monotonicity:

PK =
Pc + 0.5Ptx

Pc + Pd + Ptx

, (3.8)

where Pc is the probability of concordance, Pd is the probability of discordance, and

Ptx is the probability of indicator-only tie. As a result, PK rewards concordances,

penalizes discordances and indicator-only ties, and ignores ties in the observer anes-

thetic depth. Prediction probability’s advantage over Spearman rank-order corre-

lation coefficient is that the latter assumes no ties in the indicator value or in the

observed anesthetic depth. Although ties can be corrected, Spearman correlation

coefficient still lacks an intrinsic meaning, in contrast to the interpretation of PK as

a probability.[160]

Prediction probability belongs to the class of measures of association, as a rescaled

variant of Kim’s measure of association. Where prediction probability has the ad-

vantage over Kim’s measure of association that PK directly relates to the probability

of indicator value predicting observed anesthetic depth. For example, a PK value

of 0.5 means that the indicator predicts the observed anesthetic depth only 50% of

the time.[160]

Prediction probability is typically estimated using the jackknife method. For a

sample of N data points, the method requires computation of N+1 estimates of PK :

one from all data of N points and N estimates calculated from subsets obtained by

deleting a different data point per estimation. The jackknife estimate is the mean

of the subset estimates, and the standard error of the mean σmean is calculated as:

σmean =

√
(N − 1)

∑N
i=1 (xi − x̄)2

N
, (3.9)

where the xi values are subset means and x̄ is the mean over all samples. The jack-

knife method is recommended by the developers [160] because sampling variability

can be approximated by the Student’s t distribution, thus taking into account sam-

ple size. In addition, the method make possible of paired-data and grouped-data
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statistical comparisons of PK values and reduces bias in the estimation. Another

possibility to estimate PK is to apply Equation 3.8 separately to all individuals

by replacing the probabilities with sample estimates and calculating an average of

these PK values [93]. With this method obtained PK estimate is higher than with

the jackknife method using pooled data over all subjects [93].

Prediction probability offers several advantages over the performance measures de-

scribed in the previous section. First, using sensitivity, specificity, NPV, and PPV

takes into account only one of the two possible types of classification errors. All of

the measures described, including accuracy, depend on the choice of threshold value.

Furthermore, they cannot be used beyond dichotomous patient state [160]. Predic-

tion probability has a close connection to the area under the ROC curve. PK equals

the value of the nonparametric area under the ROC curve for dichotomous patient

state, and standard errors estimated with the jackknife method are the same. For

a polytomous patient state, PK is a weighted average of the area under the curves

of all pairs of distinct states.[159]

PK was introduced by Smith, Dutton, & Smith in the January 1996 issue of Anes-

thesiology, and in the same issue it was used to study performance of propofol

effect-site concentration, BIS, SEF, pupillary reflex amplitude, and systolic blood

pressure in predicting movement after painful stimuli in propofol + nitrous oxide

anesthesia [93]. Katoh et al. [78] used PK to study BIS, SEF, MF, and sevoflurane

end-tidal concentration against a polytomous scale (OAAS) in 1998. Also PK has

been used to study the relationship between an anesthetic depth monitor and drug

effect-site concentrations, although it is usually supported with correlation analysis

[32, 33, 182].
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3.3 Principal features of the methods developed

3.3.1 Integration of burst suppression quantification

Because of its nonstationary nature, burst suppression is not suitable for spectral

analysis conducted from arbitrarily located time windows. The detrimental effects

of improper spectral analysis of burst suppression were demonstrated as early as in

1984 [94].

Increases of the SEF and MF values during burst suppression have been misinter-

preted as associated with the occurrence of “high-frequency” waves during burst

suppression [20]. Evidently, this trend only indicates spectral analysis conducted

with the flat EEG signal since the same study illustrates values of SEF > 20 Hz

and MF ≈ 5 Hz when BSR = 100%. Publication I describes the spectral content

of a human burst suppression EEG with propofol and thiopental. As the results

indicate, the power of bursts – especially with thiopental – is concentrated in the

frequencies below 10 Hz. Similar results have been obtained in the other study with

neurosurgical patients sedated with propofol, thiopental, and etomidate [197]. How

the spectral content of bursts changes with increasing BSR remains an unstudied

question.

Thus, in order to make a univariate EEG descriptor capable of giving a reliable esti-

mate of anesthetic depth, suppression detection must be sensitive in the important

phase in which the first suppression periods emerge in the EEG. Otherwise, there is

risk of an increase in the univariate descriptor value.

Early versions of BIS had serious problems in the emerging phase of burst suppres-

sion. Detsch and colleagues demonstrated that when isoflurane end-tidal concentra-

tion was increased from 0.8% to 1.6% the BIS value (in version 3.12) increased in

40% of patients and was unchanged in 33% [26]. The authors confirmed that BSR

increased in all patients with burst suppression, therefore the problem was probably

not related to burst suppression detection itself but rather to integration of burst

suppression quantification. Additionally, burst-compensated SEF did not increase in

the patients with increasing BIS values. A later study by Morimoto and colleagues

reported similar results with BIS version 3.4 [105]. They found that when burst

suppression emerged from isoflurane end-tidal concentration of 1.2% to 1.6% BIS

increased, whereas BcSEF decreased. Additionally, linear correlation (R = 0.78)
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between BcSEF and BIS < 80 was found.

In propofol anesthesia, it has been shown that BIS (version 3.22) can be estimated

with the equation BIS = 50− BSR/2, when the BSR is over 40% [17]. The experi-

ment was later reproduced with an XP-level BIS monitor, where a linear relationship

at BSR levels of over 40% was observed [182, 189]. However, whereas in the old BIS

version BIS = 30 corresponds to BSR = 40%, in the XP version BIS = 25 cor-

responds to BSR = 40%. Vereecke and colleagues [189] included all BIS (version

4.0) values from the burst suppression period and obtained nonlinear correlation

(R2 = 0.93):

BIS ≈ 22 + 0.52 · BSR− 0.014 · BSR2 + 0.0001 · BSR3, BSR = [0 . . . 100%]. (3.10)

Entropy variables fit quadratic polygonal curves; therefore, and unlike BIS values,

they decrease monotonically with increasing BSR (R2 = 0.71 for RE and R2 = 0.72

for SE) [182].

RE ≈ 37.29− 0.6553 · BSR + 0.002887 · BSR2, BSR = [0 . . . 100%] (3.11)

SE ≈ 35.37− 0.6379 · BSR + 0.002928 · BSR2, BSR = [0 . . . 100%] (3.12)

In sevoflurane anesthesia and with XP-level BIS, linear correlation between BIS and

BSR > 40% has also been reported (R2 = 0.99± 0.01) [32]:

BIS ≈ (44.1± 2.0)− BSR

(2.25± 0.13)
, BSR > 40%. (3.13)

However, for Entropy variables linear correlation was found over the entire BSR

range (R2 = 0.88):

RE ≈ SE ≈ 29− BSR

3.25
, BSR = [0 . . . 100%]. (3.14)

Similar results have been reported with other inhalational agents. With isoflurane,

correspondence between BIS (XP-level) and BSR > 40% is BIS ≈ 42 − 0.42 · BSR

[87]. Vakkuri et al. [179] combined the data from propofol + nitrous oxide and

thiopental + desflurane + nitrous oxide anesthesia. For BIS and BSR values higher

than 50% they obtained the same linear correlation: BIS ≈ 42 − 0.42 · BSR. For

Entropy variables, linear correlation was not found. Furthermore, Vakkuri and col-

leagues observed biphasic dependence between BIS and BSR. At low levels of burst
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suppression (BSR < 20%), BIS and BSR increased similarly, as reported by Vereecke

and colleagues with propofol [189]. However, with the same patient population, the

dependence relationship between RE and BSR was monotonic throughout the range

BSR = [0 . . . 100%] [179].

The performance of the burst suppression detector of Entropy has been studied

with brain-dead organ donor patients as well [193]. The study compared BIS, SE,

and RE values that were measured simultaneously and analyzed their difference

from zero. When cases with possible residual activity were excluded, SE and RE

differed from zero significantly less than BIS in terms of total time (17%, 18%,

and 62%, correspondingly). This suggests that the NLEO method used in the

Entropy monitor is able to eliminate the influence of noise more effectively than the

simple band-power-based algorithm used by BIS. Entropy is also more resistant to

electrocautery artifacts [196], which may go some way toward explaining the results

obtained.

In summary, BIS has had serious problems in the emerging phase of burst suppres-

sion, forming one reason for several new revisions of the algorithm (see Table 2.2).

Entropy performs better than the recent XP-level BIS (version 4.0) during that im-

portant phase [32, 182]. Additionally, Entropy is more resistant to noise [193, 196],

which is an important property in suppression detection.

3.3.2 Simultaneous monitoring of electroencephalographic and facial elec-

tromyographic activity

Muscle relaxants are generally believed to have no, or minimal, effect on the EEG

[158]. However, some evidence exists of muscle relaxants affecting EEG signals

[92, 146]. This phenomenon is explained as occurring because stretching or con-

tracting muscle fibers provide stimulation to arousal centers in the brain, in what is

called muscle afferent activity. Nondepolarizing neuromuscular blocking agents are

believed to reduce muscle afferent activity while depolarizing neuromuscular block-

ing agents should increase it. Anticholinesterase agents, such as neostigmine, can

be used to reverse the effects of nondepolarizing neuromuscular blocking agents.

It has been shown that the nondepolarizing neuromuscular blocking agent pancuro-

nium produces a dose-correlated increase in BSR in dogs anesthetized with iso-
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flurane, and the effect was reversed with neostigmine [146]. The depolarizing neu-

romuscular blocking agent succinylcholine causes fasciculations followed with EEG

arousal in dogs anesthetized with halothane [92]. Therefore, it could be hypothe-

sized that administration of a nondepolarizing neuromuscular block would decrease

Entropy and BIS values, whereas depolarizing would increase these values. Experi-

ments have shown that in anesthetized patients BIS is not affected by the nondepo-

larizing agent [45, 183]. However, administration of neostigmine for neuromuscular

block reversal has been shown to increase BIS values [183].

It is well known that the BIS and Entropy variables are affected by EMG activation.

This is not a problem when the patients are fully paralyzed but should be taken into

consideration when the monitors are used in the absence of muscle relaxants [18].

On the other hand, it has been demonstrated that BIS (version 3.31) can fall even

to value 9 when succinylcholine is administered to a fully awake subject who is able

to communicate because circulation to the forearm was occluded (this is known as

isolated forearm technique) [101]. This particular drop is probably caused by the

false positive suppression detection; the figure obtained in the study supports this

assumption. However, the same study also illustrates BIS values of 64 and 57 in the

experiment where a neuromuscular block was not fully achieved. In that range, BIS

utilizes BetaRatio and SynchFastSlow calculations, therefore clearly demonstrating

that these variables are affected by the EMG activation.

Schneider and colleagues [143] created a study setup wherein patients were inducted

to anesthesia, then after loss of consciousness the isolated forearm technique was

applied. Succinylcholine was administered and the patient was then allowed to

awaken. After that, a second anesthesia induction was started. The mean (SD)

BIS at the first LOC was 62 (19) and at the second LOC 70 (16). The results

demonstrate that inter-individual variation in BIS is high but does not seem to be

caused by EMG.

In routine anesthesia, neuromuscular blockades are often used in combination with

anesthetic agents, facilitating the interpretation of depth-of-anesthesia monitors.

However, the possible influence of EMG should be taken into account if depth-of-

anesthesia monitors are used in other settings, such as intensive care units. In ICU

application, instantaneous Entropy or BIS values do not necessarily provide useful

information, since the values may be overestimated because of the concomitant EMG
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activity [171, 192].

It has been claimed that BIS-XP is less sensitive to EMG activity than the previous

versions of BIS [81]. In the study conducted in remifentanil+propofol anesthesia

it was observed that BIS 3.4 and BIS-XP diverged following administration of the

nondepolarizing neuromuscular blocker (mivacurium). The mean (SD) BIS-XP val-

ues decreased from 41 (3) to 35 (3) and BIS 3.4 values increased correspondingly

from 43 (4) to 49 (7) [25]. Simultaneous SEF values of neither monitor changed

in this experiment. The XP-level monitor calculates BIS values from two different

electrode locations on the forehead, both referred to the temporal electrode. The

authors noticed that the BIS value derived from the fourth electrode of the XP sen-

sor (located closer to the temple) was nearly identical to the BIS 3.4 value derived

from the conventional three-electrode sensor strip. One might conclude that the

BIS-XP drop is caused by reduced muscle afferent activity; however, the divergence

between electrodes is surprising and suggests that only artificial correction is done

when peculiar changes occur in the signal.

High-dose opioid induction is frequently associated with chest-wall rigidity and el-

evated facial EMG power [129]. In comparing groups given high-dose fentanyl to

those given low-dose fentanyl and etomidate, it was shown that the correlation be-

tween facial EMG power and BIS (version 3.4) is much stronger than that between

the OAAS score and BIS [129]. However, the authors did not discuss the effect of

fentanyl administration on the OAAS score and its possible influence on the results.

In sevoflurane anesthesia without neuromuscular blockade, the RE, RE–SE differ-

ence, and facial EMG power discriminate movers and non-movers after skin incision,

unlike SE [152]. This clearly indicates that RE and RE–SE difference can be used

to monitor facial EMG responses after nociceptive stimulation. The results are con-

firmed in the other study [168] where RE–SE difference increased with increasing

electrical stimulation currents, and there was no significant change in RE–SE dif-

ference with increasing sevoflurane concentrations. Other variables studied; BIS,

RE, and SE also increased with increasing stimulation, but this increase tended to

suppress with increasing sevoflurane concentrations. In paralyzed patients RE–SE

difference has been found to increase after noxious stimulation [194].

Two studies compared the effects of muscle relaxants on BIS and Entropy variables.

First, Liu and colleagues [96] demonstrated that atracurium administration two
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minutes after loss of consciousness decreases BIS and RE but not SE. The experiment

was later repeated with rocuronium in deep steady-state anesthesia by Vereecke

and colleagues [188]. Again, both BIS and RE decreased after muscle relaxant

administration, but not SE.

The agreement between SE and BIS in propofol anesthesia has been analyzed with

a Bland–Altman plot [16]. The narrowest limits of agreement were obtained in

the baseline before anesthetic induction, and, if rocuronium was administered, in

steady-state anesthesia and immediately after laryngoscopy. The widest limits of

agreement between BIS and SE were observed at the loss of eyelash reflex and im-

mediately after laryngoscopy if rocuronium was replaced with saline. This suggests

that EMG activation contributes to the measurements, and that the BIS and SE

process elevated EMG activity differently or with different time delays.

When responses to laryngoscopy were analyzed, it was observed that BIS, RE, and

SE increased in both groups (rocuronium and saline) when compared to the baseline

[54]. However, only with RE was the increase significantly higher in the saline

group than in the rocuronium group. With SE and BIS there were no differences

between the groups. With an RE–SE gradient, even more pronounced results were

observed: the RE–SE gradient discriminated between groups already two minutes

after rocuronium or saline administration prior to laryngoscopy. These results clearly

indicate that RE is more reactive to elevated EMG than is either BIS or SE.

Also, RE–SE difference has been demonstrated to have trend-like behavior in para-

lyzed patients during neurosurgical anesthesia that is similar to that of mean arterial

pressure and heart rate [98, 194]. The RE–SE difference has been used successfully

for the administration of remifentanil in propofol anesthesia [99].

To conclude, BIS has had problems in the discrimination of EEG and EMG activity,

whereas the Entropy algorithm produces two variables. SE is aimed for EEG mon-

itoring, and RE is intended for the identification of impending arousals manifested

as elevated EMG activity. SE is not affected by neuromuscular blockers, while BIS

and RE are [96, 188]. Without muscle relaxation, RE is more reactive to nocicep-

tive stimulation than BIS or SE [54], therefore presumably reacting more rapidly to

impending arousal during surgery than BIS.
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3.3.3 Monitoring of epileptiform activity

In Publication III, the performance of the method developed, wavelet subband en-

tropy, was evaluated with test data collected from 30 patients during sevoflurane

mask induction. Epileptiform activity during sevoflurane anesthesia is character-

ized by an evolutionary pattern [68, 75, 176, 178, 200] starting with gradual slowing

of the EEG, which leads to appearance of the monophasic pattern. Later, spike

activity starts with a gradual increase in amplitude and, when evolving further, be-

comes rhythmic and periodic. During that evolution, the EEG classes that appear

are, in chronological order, delta activity (D), slow delta activity (DS), slow-delta

monophasic activity (DSM), slow-delta monophasic activity with spikes (DSMS),

and periodic discharges (PD). The D and DS activity are not considered epilepti-

form, and they are typical observations in anesthesia. By contrast, DSM activity

is epileptiform activity with mild severity, because it typically precedes spike ac-

tivity. Epileptiform activity with moderate severity, DSMS activity includes some

amount of spike activity superimposed on the monophasic pattern. Finally, PD is

severe epileptiform activity. It has been observed to precede seizures in sevoflurane

anesthesia [68, 198] and is a typical EEG pattern in status epilepticus, where it also

indicates severe risk of irreversible brain damage [14, 172, 173].

Figure 3.1 presents median and interquartile ranges of BIS, cWSE4−16Hz, and

WSE16−32Hz during evolutionarily successive EEG waveforms in sevoflurane mask

induction. The method developed produced consistently decreasing values following

the evolutionary pattern of increasing severity of epileptiform activity. In the range

4 to 16 Hz, cWSE4−16Hz was shown to decrease consistently with increasing severity

of epileptiform activity, with the PK value being 0.81. The same applied for the

range 16 to 32 Hz, with the PK value reaching 0.80. The figure shows that BIS

increased demonstrably during epileptiform activity. The WSE variables detected

BIS values higher than 60 in deep anesthesia with event-sensitivity of 97.1%.

The monophasic patterns resemble the K complex seen in EEG activity during nat-

ural sleep [200]. It has been shown that the K complex is a rhythmic waveform

resulting from oscillations of excitation and inhibition; maximal cellular activity co-

incided with the sharp peaks in this waveform [7]. Epileptiform spikes in the data

set of Publication III coincided with the monophasic pattern. Therefore, monopha-

sic patterns and spikes in this study may share a common mechanism at the cellular



82

0

20

40

60

80

100

B
IS

0.5

0.6

0.7

0.8

0.9

cW
S

E
4−

16

AW D DS DSM DSMS PD BS SBS
0.5

0.6

0.7

0.8

0.9

W
S

E
16

−
32

Figure 3.1: Median and interquartile ranges of Bispectral Index Scale (BIS), com-
bined wavelet subband entropy for 4–16 Hz (cWSE4−16Hz), and wavelet subband
entropy for 16–32 Hz (WSE16−32Hz) in evolutionarily successive EEG classes during
sevoflurane mask induction. BIS tended to increase during epileptiform waveforms:
slow-delta monophasic activity (DSM), slow-delta monophasic activity with spikes
(DSMS), and periodic discharges (PD). The most prominent decrease in cWSE4−16Hz

was observed when a monophasic pattern emerged in the EEG between evolu-
tionarily successive classes slow delta activity (DS) and DSM. Similarly, the most
pronounced decrease in WSE16−32Hz was observed when spike activity emerged in
the EEG between evolutionarily successive classes DSM and DSMS. Low values of
cWSE4−16Hz in awake (AW) periods are caused by eye movements. The delta (D)
and DS classes are considered non-epileptiform activity; DSM, DSMS, and PD are
considered epileptiform activity. During burst suppression (BS) and burst suppres-
sion with spikes (SBS), the interquartile ranges of WSE variables increased, because
flat EEG periods produce high WSE values. The “∗” sign indicates statistical sig-
nificance (p<0.05) between evolutionarily successive EEG classes.
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level, and the decreased inhibition may produce the epileptiform spikes, particu-

larly when cellular activity is maximal during the monophasic patterns. It has been

discussed already that the data set with monophasic pattern and spikes demon-

strates an imbalance between inhibitory and excitatory mechanisms [200]. With

some limitations, two WSE variables succeeded in monitoring the evolution of this

imbalance.

In summary, WSE variables consistently decreased with increasing severity of epilep-

tiform activity and detected the misleading readings of the BIS monitor with a high

level of sensitivity. Further development is required in considering the burst suppres-

sion level. In the future, the method developed may prove to be useful in anesthesia

and intensive care by helping to avoid epileptiform discharges.

3.4 Performance during intravenous anesthesia and sedation

3.4.1 Propofol

Quantitative EEG (qEEG) changes associated with loss and return of conscious-

ness with propofol and sevoflurane have been studied by Gugino et al. [46], whose

work utilized artifact-free whole-head EEG data. The results showed biphasic be-

havior: light sedation was accompanied by an increase in frontal/central beta and

total power, and deeper sedation (until OAAS=0) resulted in further increases in

frontal/central beta and delta activity, beginning in the frontal regions and propagat-

ing to posterior regions. The pattern of qEEG changes observed during emergence

was a reversal of that observed during induction. In deeper levels of anesthesia, the

propofol EEG follows the classical definition of Stockard & Bickford.

The performance of Entropy in predicting loss of consciousness has been compared

to that of BIS in several studies. An overview of the results is presented in Table 3.3.

Entropy and BIS perform equally well in propofol anesthesia; statistically significant

differences between these variables have not been reported.

The results of the studies comparing the performance of BIS and Entropy against

estimated propofol effect-site concentrations are controversial (Table 3.4), and no

comparison studies have been carried out in the presence of surgical stimulus. Addi-

tionally, it should be remembered that BIS is developed using drug level information
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[71], presumably referring to PK–PD models, whereas models have not been utilized

in Entropy’s development. Therefore, comparison may favor BIS if the model used

therein is the same as that used in the BIS development.

3.4.2 Ketamine (IV)

The effects of anesthetic ketamine on the human EEG have been reported since

1974, when frontally dominant fast activity at 30–40 Hz was reported as the most

characteristic feature of ketamine-induced EEG activity [147]. Also rhythmic theta

and episodic delta activity were reported. In single-agent ketamine anesthesia with

bolus of 1.5 mg/kg, an increase in the relative theta power and decreases in the

relative alpha and relative slow-beta (13–20 Hz) powers were reported by Plourde

and colleagues [120]. Effects of racemic and S-ketamine have been compared after

midazolam induction by Hering et al. [57], in whose study the EEG effects of racemic

ketamine 2 mg/kg and S-ketamine 1 mg/kg boluses did not differ. The authors of

the report also reported persistent theta activity and intermittent high-amplitude

delta activity superimposed with fast beta (20–40 Hz) activity. Similarly to Plourde

and colleagues, these authors reported decreases in the relative alpha and slow-beta

powers and interpreted this as a loss of alpha rhythm.

Low doses (0.25 mg/kg and 0.5 mg/kg) of ketamine produce a dose-dependent de-

crease in absolute alpha power and an increase in absolute theta power. Additionally,

the duration of theta activity correlated with the duration of patient unresponsive-

ness and may therefore be related to the hypnotic property of ketamine [82].

Recent studies investigated the effects of ketamine on propofol-induced spindle oscil-

lations. It is known that propofol induces spindle oscillations in the alpha frequency

range. Administration of a ketamine bolus (0.5 mg/kg) caused an increase of spindle

frequency from 10 Hz to 15 Hz [175]. The follow-up study found a similar shift in

the diagonal line of bispectrum [55]. The ketamine bolus caused a decrease in the

relative alpha-band power and an increase in relative slow-beta-, relative fast-beta-,

and relative gamma-band powers. The authors suggest that increases in the beta-

band powers may be caused by these spindle oscillations. They suggest that the

observation of the spindle frequency shift phenomenon in bispectrum indicates that

the same source is generating spindle oscillations after the ketamine bolus as with

propofol (i.e., thalamic reticular neurons and thalamocortical relay neurons).
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Table 3.3: Performance of BIS, RE, and SE against the OAAS with hypnotic
drugs. PK and the corresponding standard errors are presented, except in White et
al. [196], where the area under the ROC curve was used. In the latter study and
in the propofol and thiopental data sets of Vakkuri et al. [179], the data included
both the periods of loss and return of consciousness. In these two studies, PK was
assessed against conscious and unconscious states. In Schmidt et al. [140], PK was
calculated against the whole OAAS range. In the other studies, PK was assessed only
against loss of consciousness (i.e., OAAS<3). PK was estimated with the jackknife
method in Schmidt, Vanluchene et al. [181], Laitio et al. [91], Publication IV, and
V. Presented PK values of Vakkuri are medians of individual values. In Iannuzzi et
al. [64] and Takamatsu et al. [168] estimation method is not described. In Schmidt,
Vanluchene, and Laitio only one data point per subject from each OAAS level was
used in the estimation. In Vakkuri and Publication IV PK was estimated using the
data from 40-minute-long windows. In Publication V time window was 20 minutes.
Long time windows (and median of individual values presented in Vakkuri) explain
the higher PK values obtained. The number of subjects is represented by N.

Study OAAS N BIS RE SE

Propofol

Vakkuri [179] <3 28 0.998 0.998 0.998

Schmidt [140] 5–0 20 0.87 (0.01) 0.88 (0.01) 0.89 (0.01)

Vanluchene [181] <3 20 0.91 (0.01) 0.88 (0.02) 0.86 (0.02)

Iannuzzi [64] <3 20 0.90 (0.02) — 0.95 (0.04)

Propofol+desflurane

White [196] <3 30 0.97 (0.04) 0.98 (0.04) 0.93 (0.04)

Thiopental

Vakkuri [179] <3 18 0.995 0.996 0.990

S-ketamine

Maksimow [IV] <3 8 — 0.89 (0.01) 0.93 (0.01)

Dexmedetomidine

Maksimow [V] <3 11 — 0.98 (0.00) 0.98 (0.00)

Sevoflurane

Vakkuri [179] <3 18 1.000 0.996 0.998

Takamatsu [168] <3 40 0.84 (0.03) 0.84 (0.02) 0.83 (0.03)

Xenon

Laitio [91] <3 17 0.46 (0.09) 0.62 (0.10) 0.66 (0.09)
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Table 3.4: Performance of BIS, RE, and SE against estimated drug effect-site
concentrations. The measures presented are Spearman rank correlation in the study
of Vanluchene et al. [182] and coefficient of determination in the studies of Iannuzzi
et al. [64] and Ellerkmann et al. [32, 33]. The mean values are presented (SD). The
endpoint indicates the deepest level of anesthesia reached in the study, and N is the
number of subjects.

Study Endpoint N BIS RE SE

Propofol

Vanluchene [182] BSR≥80/MAP<50 10 0.89 (0.01) 0.86 (0.01) 0.84 (0.01)

Ellerkmann [33] BSR≥50/MAP<60 20 0.92 (0.06) 0.89 (0.07) 0.88 (0.08)

Iannuzzi [64] OAAS=0 20 0.77 — 0.84

Sevoflurane

Ellerkmann [32] Cet = 5%vol 16 0.85 (0.12) 0.86 (0.10) 0.87 (0.09)

The EEG effects of ketamine are contradictory. Theta activity is reported to be

intermittent, and therefore it may remain undetected in spectral analysis. A de-

crease in the relative alpha-band power [57, 120, 175] or absolute alpha power [82]

is reported consistently. Interestingly, Publication IV reported an increase of ab-

solute alpha power for S-ketamine at anesthetic level as compared to subanesthetic

level. However no dominant frequency peaks were observed in the spectrum in the

alpha band for the anesthetic level and relative alpha-band power did not change.

Decreases in the relative slow-beta-band powers have been reported in single-agent

anesthesia and with midazolam [57, 120]; however, with propofol ketamine causes an

increase in relative slow-beta power [175]. Contrary to earlier reports, we reported

an increase of absolute slow-beta-band power at anesthetic level as compared to

subanesthetic level, again relative power remaining unchanged. No clear differences

were seen in either alpha or slow-beta power when S-ketamine levels were compared

to the baseline.

Further, Publication IV presents the finding that, in propofol anesthesia, power is

more concentrated in the delta band, whereas in S-ketamine anesthesia it is concen-

trated in the theta and gamma bands. In propofol anesthesia, absolute alpha power

is higher than what is seen in S-ketamine anesthesia.

Ketamine at concentrations of 0.5 mg/kg and higher has an additive anesthetic effect
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Table 3.5: Quantitative EEG and Entropy variables at awake baseline level and
in S-ketamine anesthesia; the values presented are mean (SD). The EMG power is
calculated for the frequency range 105–145 Hz. As observed, the power in the high
frequency range of EEG activity (beta and gamma) remains at the baseline level in
S-ketamine anesthesia, whereas the EMG level declines significantly.

EEG/EMG variable Awake baseline S-ketamine anesthesia

EEG 1–70 Hz (µV2) 18.3 (7.4) 52.8 (29.8)

delta (%) 33.8 (4.8) 24.1 (18.7)

theta (%) 19.6 (15.3) 35.1 (15.9)

alpha (%) 17.8 (7.8) 11.5 (6.2)

beta (%) 14.3 (2.7) 12.8 (14.2)

gamma (%) 14.5 (3.2) 16.5 (12.1)

EMG 105–145 Hz (µV2) 0.96 (0.58) 0.04 (0.01)

RE 95.7 (2.7) 72.0 (16.7)

SE 85.3 (3.4) 54.6 (18.0)

when administered with propofol; i.e., less propofol is required to obtain OAAS<3

and the loss of eyelash reflex [136]. Yet, these clinical endpoints occur at the higher

BIS levels, being inversely proportional to ketamine dosage [136]. In induction of

anesthesia with ketamine alone, BIS has been reported to be insensitive to loss of

consciousness [166, 199]. The BIS value increases after ketamine administration in

propofol+fentanyl anesthesia [59] and in pure propofol anesthesia [175, 187].

Response entropy and state entropy have been reported to be more sensitive for

ketamine-induced excitement of EEG than BIS both in propofol+remifentanil [188]

and in sevoflurane [53] anesthesia. In sevoflurane anesthesia at BIS, RE, and SE lev-

els of 33, 31, and 30, respectively, a ketamine bolus of 0.5 mg/kg causes an increase

of up to 46, 52, and 50 [53]. In the study conducted with propofol+remifentanil

anesthesia, all variables were, on the average, at approximately the level of 40 be-

fore ketamine administration. Statistically significant increases were observed in

both RE and SE after ketamine administration; an average level of about 50 was

reached. Mean BIS level increased also following ketamine administration; however,

because of wide inter-individual variability in responses, statistical significance was

not achieved. Because a fourth of the patients reached burst suppression, the au-
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thors suggest that this may be a manifestation of inter-individual variability of BIS

at burst suppression level [188].

Publication IV clearly shows that the increased high-frequency activity (>20 Hz)

induced by S-ketamine explains why Entropy may show high index values during

deep S-ketamine anesthesia. Table 3.5 presents results from qEEG analysis and

Entropy variables for the baseline and S-ketamine anesthesia. With five subjects in

the study, BIS version 3.3 was recorded as a supplementary measure. Neither BIS

worked reliably. The mean BIS value during anesthesia was 88 [97].

3.4.3 Dexmedetomidine (V)

Publication V is the first study describing the effects of dexmedetomidine on the

human EEG. Generally, the EEG in dexmedetomidine sedation resembles the EEG

of GABAergic agents, such as propofol. Dexmedetomidine increased total EEG

power and the power in the delta and theta bands. When compared to propofol,

dexmedetomidine seems to induce characteristically high delta-band power and less

power in the alpha band. Additionally, beta power decreased. The dexmedetomidine

EEG has been studied in other work as well, where dexmedetomidine was supported

with remifentanil [48]. In that study, similar EEG effects were observed: an increase

in the relative delta power and EEG slowing captured by a decreasing SEF value.

Data obtained in the study reported upon in Publication V have been used later

for comparing the dexmedetomidine EEG to a natural-sleep EEG [63]. It was found

that the dexmedetomidine EEG indeed resembles natural sleep activity S2, and

spindles between the two data sets were similar. The only observed difference was

that the duration of single spindles was longer in the dexmedetomidine group. Pre-

vious experimental evidence has indicated that endogenous sleep pathways may be

involved in dexmedetomidine-induced sedation [109]. Such observations may have

great value, because sleep deprivation is recognized as a severe problem in ICU

patients, one that may even increase mortality and morbidity rates [86].

In Publication V, state and response entropy were shown to rapidly follow the

changes in raw EEG and the loss and return of consciousness. At the end of dex-

medetomidine infusion and despite most Entropy values being 10–20, subjects were

easily and rapidly awakened by a verbal command and light shaking. After that,
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Table 3.6: Quantitative EEG and Entropy variables for the five minutes before and
after LOC and for one minute before and after ROC in dexmedetomidine sedation.
Mean values are shown (SD).

EEG variable Before LOC After LOC Before ROC After ROC

EEG 1–30 Hz (µV2) 24.5 (8.3) 68.7 (44.1) 356.4 (244.5) 38.0 (29.3)

delta (%) 50.4 (8.9) 67.0 (11.7) 89.1 (7.6) 66.6 (14.1)

theta (%) 20.4 (3.4) 16.5 (4.5) 7.5 (5.3) 13.0 (4.0)

alpha (%) 18.5 (9.4) 12.5 (6.2) 2.8 (2.1) 12.3 (7.8)

beta (%) 10.7 (2.3) 4.0 (2.3) 0.6 (0.4) 8.1 (4.5)

RE 87 (8) 49 (12) 16 (5) 74 (14)

SE 76 (8) 43 (10) 14 (4) 63 (13)

they were left without stimulation and the Entropy values fell again to 10–20. An

overview of the results is presented in Table 3.6. Dexmedetomidine is primarily

aimed for use in intensive care sedation, where the primary interest is not the pre-

vention of awareness but guiding of sedation and avoiding inadequate levels of se-

dation, to maximize the comfort of patients and caregivers [174]. Therefore, the

low Entropy values of the unstimulated subjects when dexmedetomidine is still in

circulation are not a problem.

Bispectral Index values have been applied for the monitoring of post-surgical in-

tensive care patients with propofol supported with dexmedetomidine [174]. In that

study, dexmedetomidine reduced the use of propofol from the level seen in the

placebo group. For guiding sedation, BIS was found to be useful, because the alter-

native approach offered by observable sedation scoring systems requires assessments

involving acoustic and tactile stimuli. However, certain BIS values cannot be in-

terpreted as corresponding to specific sedation scoring levels. The BIS values in

dexmedetomidine+remifentanil sedation have been reported as lower than the val-

ues in the corresponding level of midazolam+remifentanil sedation, which may be

explained by the characteristically high delta power induced by dexmedetomidine

[48]. In addition, this may be explained by the characteristics of dexmedetomidine

sedation itself, since sedated patients remain arousable.
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3.5 Performance during inhalational anesthesia

3.5.1 Sevoflurane

As studied by Gugino and colleagues [46], sevoflurane effects on EEG are, in general,

similar to the influence of propofol. In sevoflurane anesthesia, BIS and Entropy

have performed equally well in terms of PK analysis when compared against LOC

information [168, 179] and the estimated effect-site concentration where R2 analysis

is concerned [32]. The results are presented in tables 3.3 and 3.4. Additionally, there

is one study describing different slopes in the dose-response curves for sevoflurane

with Entropy in the deepening and lightening phase [100]. However, the reason is

unclear and might be explained by the estimation technique used.

Recent study investigated correlations of SE and BIS against end-tidal concentra-

tions of sevoflurane [132]. Results demonstrated that overall correlation and cor-

relation at concentrations >1.5% was better for SE, whereas BIS yielded better

correlation at concentrations <1.5%. Takamatsu and colleagues [168] compared

Entropy and BIS (version 3.4) in end-tidal sevoflurane concentrations 1.3%, 1.7%,

2.1%, and 2.5%. RE and SE decreased significantly with increasing concentrations,

whereas BIS did not.

3.5.2 Desflurane

Unlike sevoflurane, desflurane does not produce epileptiform activity [126, 180] and

is recommended as a suitable therapy for patients with refractory status epilepticus

[154]. Otherwise, the effects of desflurane on EEG activity resemble what is observed

with sevoflurane [148]. With increasing concentrations, total power and relative

power values in the delta and theta band increased, beta power decreased, and alpha

power did not change significantly. In two studies [179, 196] comparing Entropy and

BIS in the perioperative period in desflurane anesthesia, no significant differences

were observed.
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3.5.3 Nitrous oxide

The effects of nitrous oxide on EEG activity depend on the other anesthetic agents

used with it. When used alone, it produces frontally dominant high frequency

(>30 Hz) activity. When used with halogenated inhalational agents, it can be

additive or have antagonist effect. For example, at burst suppression level nitrous

oxide has activating effect, reducing suppression periods. When nitrous oxide is

given at higher concentrations, it increases delta activity, therefore demonstrating an

additive effect.[158] Withdrawal of nitrous oxide causes an increase in delta activity,

sometimes referred to as arousal delta [125].

When nitrous oxide is used alone at a concentration below 50%, it does not affect

OAAS or BIS [125]. However, if it is supplied at concentrations of 70–75%, causing

loss of consciousness and recall, this event is detected by neither BIS [11] nor Entropy

[8]. A recent study [163] compared Entropy and BIS in two sets of circumstances:

first, when the sevoflurane concentration was held constant and nitrous oxide (end-

tidal concentration of >65%) was added and, second, when the sevoflurane level was

reduced and nitrous oxide was added. In the first conditions, both BIS and Entropy

values decreased, but only Entropy significantly. In the second set of experimental

conditions, both BIS and Entropy values increased.

3.5.4 Xenon

Compared to propofol (see Publication V), isoflurane, desflurane, and sevoflurane

[148], the use of xenon produces a considerably higher increase in the total EEG

power, which is mainly concentrated in the delta and theta bands and is frontally

dominant [91]. The xenon EEG may be more concentrated in the delta band than

an EEG associated with other inhalational agents (isoflurane, desflurane, and sevo-

flurane) [91, 148]. This is supported by the observation that BIS did not differ be-

tween isoflurane and xenon conditions but SEF was significantly lower with xenon

[43].

In PK analysis, Entropy and BIS perform equally in xenon anesthesia (see Table

3.3), although both monitors exhibit a delay at induction, possibly caused by the

agitation of the subject. During steady-state xenon anesthesia, Entropy values are

lower than BIS values.[91]
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3.6 Opioid effect

Despite several comparison studies, a statistically significant difference in PK anal-

ysis favoring BIS over Entropy has been obtained only in the propofol+remifentanil

induction by Duncan and colleagues [30]. Vanluchene and colleagues [181] studied

the effects of different remifentanil infusion levels in propofol infusion. A remifenta-

nil level of 4 ng/ml was high enough to cause a decrease in PK values for all BIS, RE,

and SE. There were no statistically significant differences between the variables. Ta-

ble 3.7 presents the PK values of BIS and Entropy variables in propofol+remifentanil

anesthesia.

In a neurosurgical study setting, the propofol+sufentanil anesthesia timeline was

divided into three sections, according to the appearance of certain events (the patient

stopping counting, loss of blinking reflex, recovery of blinking reflex, following of

orders). PK was assessed against these three levels, and all variables for RE, SE,

and BIS displayed high PK values.[98]

Generally PK values in propofol+remifentanil anesthesia are lower than in single-

agent propofol anesthesia. In today’s anesthesia practice opioids are used mainly for

analgesia, and single-agent opioid anesthesia is unpredictable and inconsistent [104].

Additionally, opioids affect OAAS scoring, making OAAS a problematic reference

[70, 165].

Table 3.7: Prediction probabilities PK and the corresponding standard errors of
BIS, RE, and SE against the OAAS in propofol+remifentanil anesthesia. PK was
assessed against loss of consciousness (i.e., OAAS<3). The number of subjects is
denoted by N.

Study OAAS N BIS RE SE

Propofol+remifentanil

Vanluchene2ng/ml [181] <3 20 0.93 (0.02) 0.89 (0.03) 0.85 (0.03)

Vanluchene4ng/ml [181] <3 19 0.89 (0.02) 0.83 (0.03) 0.81 (0.03)

Duncan [30] <3 31 0.95 (0.02) 0.86 (0.03) 0.82 (0.03)
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4 Conclusions

The first aim of this thesis was to develop a method for burst suppression detection

and incorporate it into a depth-of-anesthesia monitor. The method’s development

is described in Publication I. The method is based on a nonlinear energy opera-

tor, which proved to be better than a simple signal value approach. The method

developed constitutes the basis for the burst suppression detection in the Entropy

monitor, a system that has been proven more accurate on the burst suppression

level than the BIS monitor [32, 179, 182, 193]. Therefore, the method developed,

when properly integrated into the Entropy monitor is probably the most accurate

technique currently in existence for monitoring anesthetic depth in deep anesthesia.

The second aim of the thesis was to develop a depth-of-anesthesia monitor utilizing

both cortical and subcortical information from the patient. Publication II describes

the algorithm employed in the Entropy monitor, which derives two spectral-entropy-

based variables. Response entropy was developed as a rapidly reacting index utiliz-

ing information from facial EMG and therefore allowing fast response to impending

arousals during surgery. State entropy was developed for monitoring the cortical

state of the patient, as a variable less influenced by EMG activity. The studies

conducted have indicated that SE is not affected by neuromuscular blocking agents,

even though RE and BIS are [96, 188]. RE is more responsive to nociceptive stimu-

lation than BIS or SE [54], therefore presumably reacting more rapidly to impending

arousals during surgery than BIS and SE. With hypnotic drugs, Entropy performs

as well as BIS in terms of prediction probability. Because one of the primary goals

of anesthesia is the prevention of awareness during surgery, one could argue that

prediction probability in comparison to the OAAS determined during the induction

phase prior to surgery is the primary measure of a depth-of-anesthesia monitor’s

success. Arousals during surgery may be a result of nociceptive stimulation, and in

this kind of study arrangement the Entropy monitor has been proven successful.

The third aim of the thesis was to develop a method for the monitoring of epilepti-

form activity during anesthesia. In Publication III, a novel EEG-derived quantity,

wavelet subband entropy, was developed for this purpose. The method is specific

to epileptiform activity only, i.e., it does not react to the typical EEG patterns

of anesthesia, except for burst suppression. The method succeeded in quantifying
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evolutionary patterns of epileptiform activity with high prediction probability and

detected misleading readings of the BIS monitor in deep anesthesia with high event-

sensitivity. In the future, the method could assist in minimizing the occurrence of

epileptiform discharges and seizures in anesthesia and intensive care. Before that,

more work is required to identify low WSE values caused by the eye movements and

to eliminate the effect of burst suppression without epileptiform activity.

Finally, the project’s fourth aim was to investigate the Entropy monitor in S-

ketamine anesthesia and in dexmedetomidine sedation. In Publication IV, the

Entropy monitor’s performance in single-agent S-ketamine anesthesia was assessed.

Quantitative EEG analysis revealed that high-frequency EEG activity induced by

S-ketamine was the reason for high entropy values encountered despite deep anes-

thesia. The same phenomenon is a probable reason behind results published earlier

for studies where quantitative EEG analysis was not conducted [53, 188]. In Pub-

lication V, the effects of single-agent dexmedetomidine sedation on human EEG

signal were reported upon for the first time. High delta activity was characteristic

of dexmedetomidine-induced EEG activity. The Entropy monitor proved to be a

rapid indicator of the changes between consciousness and unconsciousness.

The last 10 to 15 years have witnessed a revolution in EEG-based depth-of-anesthesia

monitoring. However, many important questions remain unresolved. This study was

constructed to investigate some of those challenges. In the future, new, more potent

drugs probably will be introduced. How those will affect the EEG and the current

depth-of-anesthesia indices will be an open question. Dexmedetomidine, although

primarily targeted at sedation in intensive care, may be one of these drugs of the

future. Opioids influence EEG activity and depth-of-anesthesia monitors, although

their primary effect site is in the spinal cord. Thus, monitoring should aim to en-

hance orthogonalization between cortical and spinal cord effects. The first step in

this area already may have been taken, with the recent introduction of a surgical

stress index based on hemodynamics [62]. It is hoped that this will improve un-

derstanding in EEG monitoring and help to avoid the mistakes made in the early

phases of BIS development. At the same time, the future may see automated control

of anesthetic drug administration – but many breakthroughs will be required before

that point is reached.
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V. Jäntti. 1999. Epileptiform electroencephalogram during mask induction

of anesthesia with sevoflurane. Anesthesiology 91, no. 6, pages 1596–1603.

[201] G.B. Young. 2000. The EEG in coma. Journal of Clinical Neurophysiology

17, no. 5, pages 473–485.



ISBN 978-951-22-9288-2
ISBN 978-951-22-9289-9 (PDF)
ISSN 1795-2239
ISSN 1795-4584 (PDF)




