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Abstract 

Purpose: Existing electroencephalography (EEG) based depth of anesthesia monitors cannot 

reliably track sedative or anesthetic states during n-methyl-d-aspartate (NMDA) receptor 

antagonist based anesthesia with ketamine or nitrous oxide (N2O). Here, a physiologically-

motivated depth of anesthesia monitoring algorithm based on autoregressive-moving-average 

(ARMA) modeling and derivative measures of interest, Cortical State (CS) and Cortical Input 

(CI), is retrospectively applied in an exploratory manner to the NMDA receptor antagonist N2O, 

an adjuvant anesthetic gas used in clinical practice.   

Methods: Composite Cortical State (CCS) and Composite Cortical State distance (CCSd), two 

new modifications of CS, along with CS and CI were evaluated on electroencephalographic 

(EEG) data of healthy control individuals undergoing N2O inhalation up to equilibrated peak gas 

concentrations of 20, 40 or 60% N2O/O2.  In particular, CCSd has been devised to vary 

consistently for increasing levels of anesthetic concentration independent of the anesthetic’s 

microscopic mode of action for both N2O and propofol.  

Results: The strongest effects were observed for the 60% peak gas concentration group. For the 

50-60% peak gas levels, individuals showed statistically significant reductions in responsiveness 

compared to rest, and across the group CS and CCS increased by 39% and 42%, respectively, 

while CCSd was found to decrease by 398%. On the other hand a clear conclusion regarding the 

changes in CI could not be reached.  

Conclusions: These results indicate that, contrary to previous depth of anesthesia monitoring 

measures, the CS, CCS, and especially CCSd measures derived from frontal EEG are potentially 

useful for differentiating gas concentration and responsiveness levels in people under N2O. On 

the other hand, determining the utility of CI in this regard will require larger sample sizes and 

potentially higher gas concentrations. Future work will assess the sensitivity of CS-based and CI 

measures to other anesthetics and their utility in a clinical environment. 
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Introduction 

The most widely used EEG-based automated depth of anesthesia monitoring system is the 

Bispectral Index (BIS) monitor (Medtronic, Dublin, Ireland) [1,2]. A recent clinical trial 

demonstrated that the BIS monitor was no more effective at preventing intraoperative awareness 

or post-operative recall, than knowledge of the anesthetic concentrations [3]. In a comprehensive 

review of this clinical trial and other related clinical studies it was found that use of the BIS 

monitor reduced the use of anesthetics, decreased recovery times, and shortened the duration of 

post-anesthesia care unit stay [4,5]. Therefore although there are benefits to using EEG-based 

automated depth of anesthesia monitoring, improvements are still needed. Moreover, a reliable 

depth of anesthesia monitor for use with the putative n-methyl-D-aspartate (NMDA) receptor 

antagonists ketamine and nitrous oxide (N2O) needs to be developed [6].  

With regards to N2O, in one study N2O/O2 levels up to 50% caused no change in BIS and 

no obvious reductions in responsiveness as assessed by the observers’ assessment of 

alertness/sedation (OAA/S) scale [7]. However, in another study at higher levels of 70% N2O/O2 

the BIS was not sensitive to N2O induced reductions in responsiveness [8]. The BIS also shows 

inconsistent changes when N2O is combined with other anesthetics. The BIS increases when N2O 

is combined with isoflurane [9], but decreases when N2O is added to propofol and sufentanil 

initiated, and sevoflurane maintained anesthesia [10]. Other depth of anesthesia monitors also 

show similar problems [11-13]. For example, entropy measures (M-Entropy plug-in Module S/5; 

Datex-Ohmeda Division, Instrumentarium Corporation, Helsinki, Finland) [12] and the Cerebral 

State Index
TM

 (CSITM, Danmeter, Odense, Denmark) [11] demonstrated no change for N2O 

levels of up to 75% (with premedication of 30 mg i.v. propofol) for which loss of consciousness 
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was observed using the OAA/S score. These results are potentially due to a focus on 

characterising the effects of γ–amino-butyric-acid (GABA)-receptor based anesthetics on 

the EEG, and a lack of consideration of NMDA-receptor-based anesthetics [6]. Therefore, 

further work is needed to improve depth of anesthesia monitoring devices, in particular with 

regard to NMDA receptor antagonist based anesthesia and more generally to the clinical reality of 

poly-pharmacy.  

Recently, the Brain Anesthesia Response (BAR) monitor (Cortical Dynamics, North 

Perth, WA, Australia) has been developed. The BAR monitor algorithm is based on fixed-order 

ARMA modeling [14,15], namely the Cortical State (CS) and Cortical Input (CI) measures 

derived from ARMA models, and represents a physiologically motivated approach to depth of 

anesthesia monitoring as the ARMA models can be mathematically related to models of cerebro-

cortical neural population activity [16-18]. These neural population models represent the inner 

workings of cerebral cortex and offer the potential to gain insights into anesthetic-induced 

neurophysiological parameter changes, for example by enabling estimation of propofol-induced 

inhibitory post-synaptic potential changes [19]. The use of neural models in the context of depth 

of sedation/anesthesia monitoring is a developing field and users should be aware that they 

represent an approximation to the relevant real brain regions being modelled [16-19]. Here we 

focus purely on ARMA models and their derived measures, and do not consider any direct 

relationship to neural models of cortical activity. 

The BAR monitor measures have been shown to be able to dissociate the effects that 

hypnotic and analgesic agents have on brain electrical activity [18]. The intuition behind the CI 

measure is that sub-cortical sensory and nociceptive input is reduced by analgesics, while the CS 

measure characterizes the effects of hypnotic agents on cortical activity [16-18]. To date the CS 

and CI indices have been applied to the simultaneous application of the agents propofol and 

remifentanil [18], and sevoflurane and N2O [17]  in the clinical setting. For example, for 
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simultaneous propofol and remifentanil induction, it was found that CS decreases with increases 

in the effect-site concentration of propofol and concomitant reductions in consciousness, while CI 

remains unchanged [18]. In contrast, CI was found to decrease with increases in the effect-site 

concentration of the ultra-short acting synthetic opioid remifentanil [18].  

The CS measure, and its novel derivative measures Composite Cortical State (CCS) and 

Composite Cortical State distance (CCSd) considered here, reflect the dominant damped 

(dissipative) oscillations present in the EEG power spectrum determined via the ARMA model, or 

in other less precise terms, the dominant time-varying oscillations in the EEG. The CI measure 

reflects the power of the estimated input to cerebral cortex as approximated by the ARMA model 

[16-18].  

For the purposes of further understanding how the BAR monitor indices, CS, CCS, CCSd 

and CI, are effected by different substances, these measures are applied to EEG data obtained 

from healthy controls undergoing N2O inhalation. The putative NMDA receptor antagonist, 

strong sedative and weak anesthetic, N2O, [20-24] provides an interesting contrast to the GABAA 

receptor agonists, such as propofol and sevoflurane [25].  Studying N2O alone is scientifically 

interesting because it provides us with a tool to investigate intermediate states of drug induced 

reductions in consciousness, as well as different pharmacological pathways of sedation/hypnosis. 

Clinically, it is interesting because as an adjuvant gas it is often first applied before a more potent 

anesthetic (e.g. sevoflurane) is added, and it is still important to monitor depth of 

anesthesia/sedation at this initial stage to ensure the more potent anesthetic is not over supplied 

[21].   

Methods 

Ethics approval for this study was obtained from the Swinburne University of Technology 

Human Research Ethics Committee in accordance with the Declaration of Helsinki. Informed 

written consent was obtained from each of the twenty healthy human males (between the ages of 

18-40) that were recruited.  
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EEG dataset 

EEG data was acquired in a noise-minimised laboratory. The EEG dataset obtained during N2O 

inhalation that is studied here, has been analysed in prior studies on spectral power [20], 

topography [26], and functional connectivity networks [27]. Here we apply the ARMA measures, 

CS, CCS, CCSd and CI to a single frontal channel, FPz referenced to a linked mastoids reference 

(similar to standard clinical practice), from this dataset in order to assess the capacity of these 

measures to track gas concentration and depth of sedation during N2O inhalation. The details of 

the dataset are published elsewhere [20]. Here the main aspects are summarised. Individuals 

underwent two EEG recordings: a five minute eyes closed rest recording and a twenty-minute gas 

recording. The twenty-minute gas recording involved a five-minute equilibration period, a 10 

minute equilibrated peak N2O gas period, followed by a five-minute O2 only washout period. In 

the subsequent analysis only the first fifteen minutes of each gas recording was considered. Each 

individual experienced only one peak gas level. The peak gas levels of 20, 40 or 60% N2O/O2 

were experienced by eight, eight and four individuals, respectively. The smaller number in the 

60% group was related to issues with nausea and emesis. End-tidal gas concentration was 

monitored continuously. EEG data was acquired with a 64 channel extended 10-20 montage at 

500 Hz with a 0.1-70 Hz bandpass anti-aliasing filter. EEG segments containing artifact were 

rejected based on visual inspection. Artifact-rejected EEG was subsequently band-pass filtered 

between 1 and 40 Hz. Any remaining artifact such as eye blinks and electromyograph (EMG) 

were successfully removed using independent-component analysis as implemented in the 

EEGLAB toolbox [28]. As mentioned above data analysis focused on the FPz channel with a 

linked mastoids reference. Participant responsiveness was assessed as a means to indirectly assess 

level of sedation. In order to assess responsiveness, during the rest and gas recordings participants 

performed an auditory continuous performance task (aCPT) [20]. In the aCPT the participant had 

to press either a left or right button if a 1 or 2 kHz tone was heard, respectively. Accuracy 
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(correct/incorrect) was logged as a measure of responsiveness, where ‘incorrect’ also refers to 

missed trials. 

 

Pre-processing 

EEG data was resampled from 500 to 80 Hz using the built in ‘resample’ function in MATLAB 

(MathWorks, Natick, MA) which automatically generated and applied a 5001-order 40 Hz low-

pass anti-aliasing finite impulse response filter with 60 dB attenuation at 40.5 Hz. Amplitude 

spectra were visualized after resampling to ensure aliasing effects were minimized. The EEG 

signal was broken into 2 second epochs with 50% overlap. An epoch was rejected if the root-

mean-squared (RMS) power of the mean-removed signal was greater than 150 μV. In order to 

relate the CS and CI measures to N2O gas concentration and responsiveness, linear and nearest 

neighbor interpolation were applied to sample the N2O gas concentration and aCPT accuracy time 

series at the start times of the EEG windows, respectively.  

 

Measure Analysis 

The CS, CCS, CCSd, CI, two other measures considered below (pole damping and pole 

frequency) and RMS power (as a control) were computed on the preprocessed and accepted 2 

second epochs, and the measures’ time-series were subsequently related to N2O gas concentration 

and responsiveness. To better understand the relationship between changes in the above measures 

and EEG frequency changes, we also considered power in the frequency bands of 1-4 Hz (δ), 4-8 

Hz (θ), 8-15 Hz (α), 15-30 Hz (β), and 30-110 Hz not including line noise at 50 Hz and 100 Hz 

(γ, high γ and overlapping EMG [29]). Although EMG can sometimes occur at frequencies below 

30 Hz [30], given EMG’s broadband nature if it is present below 30 Hz it will also most likely be 

present in the 30-110 Hz band [31]. Thus the 30-110 Hz band acts as a way of checking for 

existence of EMG.   
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ARMA Analysis 

The ARMA analysis methods applied here have, apart from the new CCS and CCSd measures, 

been presented in detail elsewhere [17,18]. Briefly we define how the CS, CCS, CCSd and CI 

measures are obtained. ARMA modeling with an autoregressive order of 8 and a moving average 

order of 5 is applied to approximate the transfer function of a linearized version of a nonlinear 

mathematical model of neural population activity underlying the EEG signal and influenced by 

anesthesia [17]. Thus the sampled EEG signal ][ns  
(samples indexed by n) was modelled using 

an (8,5) ARMA model 
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where ][nu  represents a stationary white noise process, ka  and lb  are the respective 

autoregressive and moving average parameters, all of which are estimated using algorithms 

described elsewhere [14,15,18]. The dummy variable k indexes the autoregressive parameters ka  

from 1 up to (the autoregressive order of) 8. The dummy variable l indexes the moving average 

parameters lb  from 0 up to (the moving average order of) 5. )(zS  and )(zU  are the Z-
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The function )(/)( zAzB  represents the electrocortical filter and describes how subcortical input, 

)(zU , is filtered to give rise to the EEG. The poles, k , and zeros, l  , of the electrocortical 
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filter are the solutions to 0)( zA  and 0)( zB , respectively. Given that z is complex, the 

poles and zeros are also complex numbers. The poles essentially correspond to the dominant 

oscillations in the signal or the peaks in the power spectrum of the signal, while the zeros 

essentially indicate frequency points in the power spectrum where no power is present. Given that 

)(zA  and )(zB  are 8
th
 and 5

th
 order polynomials, there are therefore 8 solutions to 0)( zA  

(i.e. 8 poles) and 5 solutions to 0)( zB  (i.e. 5 zeros), respectively. For a given ARMA model 

estimated from a given window of data, the original CS measure is the negative of the scaled 

mean pole projected onto the real axis, or equivalently  

)5(
8

CS 1a
  

The novel, noise robust CCS measure is the negative of the scaled mean pole minus the 

mean zero projected onto the real axis, or equivalently 

)6(
13

)(
CCS 11 ba 

  

This CCS measure has recently been demonstrated to be robust to noise for propofol anesthesia 

[32]. 

The CCSd measure is defined as the negative of the normalized distance between the 

current CCS value and the median CCS value obtained in the resting state, restCCS , as follows 

)7(
|CCS|

|CCSCCS|
CCSd

rest

rest
  

The CCSd measure is normalized relative to rest and made negative in order to define a CS-based 

measure that extends our prior work by providing a measure that consistently decreases with 

increases in anesthetic level for both N2O and propofol when each drug is applied separately. Our 

previous work applying CS to propofol found a decrease in CS with increasing anesthetic 

concentration [18]. Because a priori we do not know if CS increases or decreases with N2O gas 

concentration we therefore chose to devise CCSd, a measure that will decrease with increases in 
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either propofol or N2O concentration, and thus provide a measure that varies in the same direction 

as a function of concentration and responsiveness for the anesthetics considered. We do not 

normalize the other measures described in this section as we are primarily seeking to advance the 

CS based measures for the aforementioned reasons. 

The CI measure is the square root of the variance of ))(/)()((1 zBzSzAZ 
 (i.e. the 

estimated input). This is the same definition for CI that has been applied to propofol and 

remifentanil previously [18]. 

In order to better understand how N2O induced changes in CS/CCS/CCSd emerge, the 

damping (i.e. degree of dissipation) and frequency of the dominant oscillations were also 

considered. For a given pole,  , the damping and frequency of the oscillation described by the 

pole are ||ln  sF  and ))Re(/)arg(Im()2( sFf  , respectively, where sF  is the 

data sampling rate. Given that the pole,  , is complex it can be noted that the damping,  , is a 

nonlinear function of the modulus of the pole (i.e. the distance of the pole relative to the origin in 

the complex plane) while the frequency, f , is linearly related to the argument of the pole (i.e. the 

angle of the pole relative to the positive real axis in the complex plane). The more negative the 

damping parameter,  , the greater the damping of the corresponding oscillation (i.e. a single 

frequency decays as exp[γt]). 

Statistical Methodology 

 Given the small number of subjects in the 60% peak gas group, a detailed statistical 

analysis was applied to obtain multiple perspectives of the data. Moreover, given that the data 

being analysed were time series (i.e. many repeated measures), the individuals’ measure (i.e. CS, 

CI, etc) time series were processed using a standard non-parametric approach for quantifying the 

performance of depth of anesthesia monitoring measures called prediction probability [33] ( KP ). 

Prediction probability is also useful for quantitatively assessing and comparing the ability of the 

measures to indicate the N2O gas concentration level.  
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Prediction probability is essentially a measure of correlation that works well for nonlinear 

monotonic relationships between two variables, in this case the measure level and the anesthetic 

concentration level. The simpler Pearson’s correlation coefficient would not be an adequate 

alternative for our purposes as it only assesses linear correlations and the measures we consider 

typically have a nonlinear dependence on anesthetic concentration in general [18]. For the case of 

this paper we consider that the ideal depth of anesthesia measure is expected to have a perfectly 

monotonic relationship with anesthetic concentration. If there is no correlation between the 

measure level and the anaesthetic concentration then 5.0KP . Furthermore, for measures that 

appeared to increase with increases in anesthetic concentration it was defined that if the measure 

level increases with a perfectly monotonic relationship with increases in anesthetic concentration 

level, then 1KP . Similarly, for measures that appear to decrease with increases in anesthetic 

concentration we define that if the measure level decreases with a perfectly monotonic 

relationship with increases in anesthetic concentration level, then 1KP . This enabled direct 

comparison of the KP  estimates for the different measures regardless of the direction of change of 

the measures with increases in gas concentration. Prediction probability KP  values approaching 0 

indicate anti-correlation with respect to the direction of change of a measure. The direction of 

change of a measure was determined as the direction that gave the maximal mean prediction 

probability across the subjects in the 60% peak gas group when either of two cases were 

considered: the measure (1) increases or (2) decreases with increases in gas concentration. 

Prediction probability was computed using methods published elsewhere [33]. To compute the 

prediction probability one needs to relate a given measure to the simultaneously measured end-

tidal N2O gas concentration. For individuals in each peak N2O gas group, 20%, 40% and 60%, 

this was achieved by binning measure values from each measure time series into seven bins, one 

for rest and six equal-sized, non-overlapping bins spanning the range of measured N2O gas levels 

in each group: 0-20%, 0-40% and 0-60% for the 20%, 40% and 60% peak gas groups, 
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respectively. Given that not all bins for an individual contained the same number of measure 

samples, a resampling procedure was used to estimate the prediction probability and correct for 

this sampling bias. The procedure involved resampling the bins 100 times while ensuring the 

number of samples selected from the non-empty bins was always equal. The mean of the 

prediction probability across these 100 samples was considered the prediction probability 

estimate.  

Given that prediction probability values closer to 1 indicate monotonic signals, the 

prediction probability also doubles as a non-parametric way to detect trends (i.e. increases or 

decreases) in signals. To statistically assess if prediction probability estimates show a significant 

difference from the prediction probability of an uncorrelated measure-gas level relationship, 

5.0KP , and thus are indicative of trends, a surrogate testing method was employed. For each 

individual for each of the 100 datasets used to estimate prediction probability, 50 different 

uncorrelated surrogate datasets were randomly generated where the mean of each rest or gas bin 

was set to zero and the standard deviation of each gas bin matched the standard deviation of the 

gas bin for the corresponding real data. For each of these 5000 surrogate datasets (50 surrogate 

datasets for each of the 100 original datasets) the prediction probability was calculated.  To assess 

if the prediction probability estimate for each individual was statistically significant a Mann-

Whitney U test [34] was used to compare the original and the surrogate datasets. This non-

parametric test was employed because prediction probability takes values between 0 and 1 and 

thus any distribution of prediction probability will not have infinite tails like a Gaussian 

distribution.    

At the group level, the prediction probability estimates for all 20 individuals were 

assessed in two ways. First a multivariate general linear model [35] with all measures selected as 

dependent variables and peak gas group treated as a fixed factor was used to statistically assess 

differences between the peak gas groups. This required the assumption that prediction 
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probabilities estimated from subjects within a measure and within a peak gas group were 

normally distributed. Assessing the differences for each measure across the peak gas groups was 

done by testing for multiple comparisons using the student-Neumann-Keuls test [36]. Second a 

repeated measures general linear model [37] with the 7 measures set as within-subject factors was 

used to assess the difference of the prediction probability estimates for the measures. In 

particular, given that CCSd is the main measure of interest, a simple contrast was applied using 

CCSd as the reference for testing against the other measures. This model was applied to all peak 

gas groups combined since there were not enough subjects in the 60% peak gas group to have 

enough statistical power to analyse each peak gas group separately. 

Furthermore, to statistically assess the differences in the measures in the gas level bins 

compared to the rest bin at the group level a linear mixed model [38] was applied to each measure 

(including power in the five frequency bands) within each peak gas group. First for each 

individual the mean and standard deviation of each measure in the rest and 0-10%, 10-20%, 20-

30%, 30-40%, 40-50% and 50-60% N2O gas concentration bins were determined. Then the mean 

measures in each bin were combined across the individuals to determine the mean and standard 

deviation in each bin at the group level. A mixed model was applied because not all subjects had 

data in each gas bin. The mixed model treated N2O gas concentration as a repeated measure with 

a repeated covariance type of AR(1) dependence. Normality of the mean measure values within 

each bin and across subjects was assumed. Separate models were created for each measure, with 

each measure treated as the dependent variable and the gas concentration treated as a fixed factor. 

Model parameters were estimated using restricted maximum likelihood [38]. 

For all statistical tests that involved linear mixed models or general linear models, 

significance levels of α=0.05 or 0.01 were applied.   

To indicate that the measure dependence on gas concentration also meant a measure 

dependence on responsiveness, the relationship between gas concentration and aCPT accuracy 

was also determined.   
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Results 

Before considering the group results we consider the data from individuals in the 60% N2O peak 

gas concentration group because they showed the strongest and most consistent effects. 

Moreover, it is important to see data from individuals as in the clinical setting these methods 

would be applied on an individual basis. 

Example EEG data for an individual in the 60% group 

To provide an idea of what the EEG data looks like during significant N2O inhalation, Figure 1 

illustrates example EEG data from an individual in the 60 % peak gas group (subject 17) 

observed during the (A) baseline resting eyes closed period and during the (B) equilibrated peak 

level of 60 % N2O gas concentration. The corresponding amplitude spectra for (C) baseline and 

(D) gas are also presented. It can be noted that this particular subject’s EEG undergoes a clear 

reduction in amplitude in the 0-5 Hz and 8-12 Hz bands when comparing baseline to peak gas of 

60 % N2O gas concentration. 

Measure dependence on concentration for individuals in the 60 % group 

 For the four individuals in the 60% N2O peak gas group, each subfigure in Figure 2 

shows the mean and standard deviation of a given measure for each rest and N2O gas 

concentration bin for (A) CS, (B) CCS, (C) CCSd, (D) CI, (E) the pole frequency f  in the 5-15 

Hz band, (F) the pole damping γ in the 5-15 Hz band, and (G) RMS power. (The pole frequency 

and damping were analysed in the 5-15 Hz band because of the strong damping seen in this band 

previously by Yamamura et al. [39] and as visualised here in Appendix Figure A1). Surrogate 

testing of the prediction probability estimates KP  for all measures revealed that all subjects in the 

60% N2O peak gas group, except for subject 17 for pole frequency, showed prediction probability 

estimates were significantly different from the uncorrelated case, 5.0KP  (p < 0.01). Figure 

2(H) shows the number of epochs contributed by each subject to each gas bin.   
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In Figure 2 it can be observed that CS and CCS increase and CCSd and RMS power 

decrease with increases in N2O gas concentration, while CI is highly variable, pole frequency has 

only very weak correlations with gas level and the pole damping parameter γ shows decreases 

above 40% gas concentrations but only for some subjects. Subject 17 (red) had missing data for 

the 0-10% and 10-20% gas concentration bins due to rapid gas delivery for this subject, however, 

it is the higher gas levels that show the strongest effects in the 60% gas group. Due to nausea and 

emesis, Subjects 18 (green) and 19 (blue) had their gas recordings shortened to less than 5 and 10 

minutes in duration, respectively. Thus subject 18 had missing data for the 50-60% gas bin. 

Despite the shortened recordings these two subjects still experienced a loss of responsiveness at 

high gas levels. For the data shown in Figure 2 the corresponding aCPT accuracy for subjects 17, 

18, 19 and 20 during rest was 100, 95.2, 94.4, and 96.8 %, respectively, and during the last two 

minutes of the gas recording was 0, 0, 0, 88.4 %, respectively. The relatively high performance 

for subject 20 at the peak gas level, although still a reduction in responsiveness and performance, 

can be understood in terms of the varied and dissociative effects of N2O on individuals [40].  

Prediction probability estimates for all subjects 

  The complete set of prediction probability estimates KP  for each feature for each 

individual and the mean in the 20, 40 and 60% peak gas groups are displayed in Table 1. 

Generally, the greater the difference between a prediction probability value and 0.5 (the zero 

correlation case) the greater the degree of monotonicity in the relationship between a given 

measure and gas concentration [41]. The table highlights in italics the prediction probability 

estimates that were statistically significantly different from the uncorrelated case based on 

surrogate testing (p < 0.01) and also showed positive correlation with respect to the direction of 

change of the measure (i.e. 5.0KP ). It can be observed that the prediction probability 

estimates can be highly variable, reflecting the different subjects’ sensitivities to N2O. Moreover 
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statistically significant prediction probability estimates with 5.0KP  are most consistently 

present for the 60% peak gas group, indicating that this gas level had the greatest effect.  

This is also reflected in the mean prediction probabilities of each gas group. For the 20% 

peak gas group, the highest mean prediction probability was 59.0KP  and this was for CCSd. 

For the 40% peak gas group, the highest mean prediction probability was 62.0KP  and this 

was for CI, while for the primary measure of interest, CCSd, it was 61.0KP . For the 60% peak 

gas group, the highest mean prediction probability was 74.0KP  and this was for RMS power, 

while for CCSd it was 70.0KP . Testing with a multivariate general linear model for 

differences in prediction probability across the 20%, 40% and 60% peak gas groups revealed 

statistically significant differences (Wilks’ Lambda: 003.0p , F-statistic = 628.3 , partial 

698.02   - i.e. effect size). Post-hoc test results for each individual measure found that the CS 

prediction probability values were statistically significantly different for the 60% peak gas group 

as compared to the 20% and 40% peak gas groups ( 041.0p ), and that the RMS power 

prediction probability values were statistically significantly different for all of the 20%, 40% and 

60% peak gas groups ( 01.0p ). The other measures did not show statistically significant 

differences between gas groups. This can be understood given the small number of subjects in 

each group and the high variability of the prediction probability values across subjects, as is 

indicated by the standard deviation values in Table 1.  

Testing with a repeated measures general linear model revealed statistically significant 

differences in the prediction probabilities across the different measures for all subjects (the 

assumption of sphericity was rejected making the use of the Greenhouse-Geisser adjustment 

necessary: 03.0p , F-statistic(2.191,41.621) = 3.69, partial 163.02  ). A simple contrast 

using CCSd as the reference revealed no statistically significant differences between prediction 
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probabilities for CCSd and those for CCS, CI, and RMS power, while statistically significant 

differences were observed between CCSd and CS ( 007.0p ), pole frequency ( 001.0p ) and 

pole damping γ ( 001.0p ). Not enough subjects were available to statistically assess 

differences in the prediction probabilities for the measures within the different peak gas groups. 

Measure dependence on concentration for each peak gas group 

The dependence of the different measures on gas concentration averaged across 

individuals is illustrated for each peak gas group in Figure 3. Figures 3(A)-(L) show CS, CCS, 

CCSd, CI, the frequency of the poles in the 5-15 Hz band, the damping of the poles in the 5-15 

Hz band, the RMS power of the mean-removed signal, 1-4 Hz (δ) band power, 4-8 Hz (θ) band 

power, 8-15 Hz (α) band power, 15-30 Hz (β) band power, and 30-110 Hz (γ, high γ and 

overlapping broadband EMG) band power, respectively, as a function of gas concentration. 

Similar to Figure 2, in Figure 3 for the 60% peak gas group (colored blue) it can be observed that 

CS and CCS increase and CCSd and RMS power decrease with increases in N2O gas 

concentration, while CI and pole frequency have only weak correlations with gas level and the 

pole damping parameter γ shows decreases above 40% gas concentrations although they are not 

statistically significant based on mixed model testing. For the 20% (red) and 40% (green) peak 

gas group, similar but weaker trends were observed.  

Notably as indicated by the stars above the error bars in Figure 3, for the 60% peak gas 

group when considering the comparison between the rest and 50-60% gas concentration bins, 

mixed model testing for each measure did reveal statistically significant increases in CS (39%,  

001.0p  - F-statistic = 3.888 and 017.0p  for test of fixed effects across all gas bins) and 

CCS (42%,  002.0p  - F-statistic = 3.389 and 028.0p  for test of fixed effects across all gas 

bins)  and decreases in CCSd (398% defined relative to the median resting CCSd value or 34% 

defined relative to the median resting CCS value,  007.0p  - F-statistic = 2.352 and 

089.0p  for test of fixed effects across all gas bins), RMS power (42%,  001.0p  - F-
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statistic = 7.664 and 001.0p  for test of fixed effects across all gas bins), δ-band (1-4 Hz) 

power (70%,  001.0p  - F-statistic = 22.2 and 001.0p  for test of fixed effects across all gas 

bins), θ-band (4-8 Hz) power (61%,  025.0p  - F-statistic = 2.38 and 097.0p  for test of 

fixed effects across all gas bins) and α-band (8-15 Hz) power (72%,  008.0p  - F-statistic = 2.5 

and 081.0p  for test of fixed effects across all gas bins). There was no statistically significant 

change in the 30-110 Hz band that includes, γ, high γ and overlapping EMG content. For the 20% 

and 40% peak gas groups and as indicated by the stars above error bars, mixed model testing 

demonstrated statistically significant differences between rest and gas concentration bins for 

CCSd, with 05.0p  for all comparisons. This is likely due to CCSd being defined as a relative 

measure normalized by the median resting CCS values which helps to remove the effect of inter-

subject variability.   

Figure 3(N) shows the correlation between gas concentration and aCPT accuracy (i.e. 

responsiveness) for the group data. Because the ‘incorrect’ category included missed trials and 

performance on the aCPT task was high, an incorrect response during the gas recording 

effectively implies the participant was unresponsive. For high gas levels (above 40%) it can be 

seen that a greater proportion of ‘incorrect’ trials occur implying that high gas concentrations 

were correlated with significant reductions in responsiveness. 

Discussion 

The goal here is not to show that CCSd outperforms measures like CS, CCS or RMS power. 

Rather the goal here is to show the CCSd gives comparable performance to these measures while 

at the same time will vary in the same direction during anesthetic-induced reductions in 

consciousness with either N2O or propofol. As discussed below the key findings of this 

exploratory retrospective study are that CCSd provides a potentially effective measure for 

tracking changes in sedative N2O concentrations using frontal EEG that gives comparable 

performance to CS, CCS and RMS Power. Moreover, based on previous studies with CS, CCSd 
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is expected to also track changes in propofol concentration while also being sensitive to the 

different potencies of these two anesthetics. This offers the potential to develop a depth of 

anesthesia monitor that works for different anesthetics with different molecular modes of action.  

ARMA measures, N2O, and Depth of Anesthesia Monitoring 

Determining the sensitivity of the ARMA measures, CS, CCS, CCSd and CI, to different 

anesthetic agents is important for broadening the scope of anesthetics to which these measures 

can be applied for depth of anesthesia monitoring. Here it has been shown that high levels of N2O 

(>40%) that lead to reductions in responsiveness, correspond with small increases in CS and 

CCS, and a large decrease in CCSd, while a clear conclusion regarding the changes in CI could 

not be reached. The observed decreases in δ, θ, and α band power shown in Figure 3 appear to be 

the underlying EEG frequency changes that drive the changes in CS, CCS and CCSd. CS-based 

measures are proportional to the magnitude of the mean pole of the ARMA model projected onto 

the real axis (equations 5-7). Here we compute the mean pole projected onto the real axis over a 2 

second window. This measure is one-dimensional and essentially combines the information about 

the frequency and damping of the dominant oscillations in the EEG over the corresponding 2 

second period. Thus the CS-based measures will change with the observed decreases in the δ, θ, 

and α band power shown in Figure 3, which correspond to increased damping of these dominant 

frequencies. From Figure 3 it can also be noted that the lack of statistically significant changes in 

the 30-110 Hz band suggests the possibly confounding effects of EMG content have been 

minimized.  

The large standard deviations in the measures for individuals seen in Figure 2, might 

suggest there are other significant noise effects, however, these fluctuations arise because we are 

using short EEG analysis windows of 2 seconds in duration to ensure the ARMA models are 

computed on approximately stationary EEG segments. The more standard approach in depth of 

anesthesia monitoring is to use larger windows of say 15-30 seconds or compute a moving 

average of the feature to create a smoother time-varying index of hypnosis [42]. We prefer to 
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show the fluctuations seen with the short analysis windows using the error bars and to treat the 

means for each gas concentration bin as a marker for how a smoothed time-varying index might 

look when applied in clinical practice.  

Here we have focused on the spectral changes linked to CS and CI based features for the 

typical pre-processing steps for the application of these features as a way of understanding which 

frequency changes are linked to these features, thus 1-4, 4-8, 8-15, 15-30 and 30-110 Hz band 

powers were calculated on the preprocessed 1-40 Hz band-pass filtered data before 

downsampling to 80Hz for the CS and CI calculation. (Calculating 30-110 Hz band power on the 

preprocessed 1-40 Hz band-pass filtered data still allows for detection of residual EMG and 

gamma that might be influencing our CS and CI based measures.) Therefore, band power changes 

should only be considered within this context when comparing them to other studies. Rampil et 

al. [7] found increases in 40-50 Hz and 70-110 Hz band power at 50% N2O gas concentration as 

compared to rest, which are outside of the 1-40 Hz band considered here. Yamamura et al. [39] 

found increases in 30-40Hz band power at 30, 50 and 70% N2O gas concentrations and decreases 

in alpha band power at 50 and 70% N2O gas concentrations as compared to baseline. There are 

several differences in the dataset used here and these other studies [7,39], such as gas delivery 

parameters, electrode positions and referencing schemes. Yamamura et al. [39] indicated that 

their observed changes in 30-40 Hz band power were negated by altering the referencing scheme. 

Here we have used a referencing scheme consistent with the standard application of the CS and 

CI based measures. Although like Yamamura et al. [39] we see a decrease in alpha band power, 

we did not see an increase in 30-40 Hz band power. This suggests our referencing scheme leads 

to different observed power changes. An alternative possibility is that EMG artefact was present 

in the Yamamura et al. [39] data in the 30-40 Hz band, however, this is not likely because 

Yamamura et al. [39] gave significant consideration to EMG artefact. A true characterisation of 

the presence of EMG in the EEG during N2O inhalation requires further study during 

neuromuscular blockade [43]. 
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Overall these findings are potentially clinically useful as they demonstrate CS, CCS, and 

CCSd could be used to monitor the level of sedation for adjuvant levels of N2O alone prior to 

general anesthesia, and in conditions where N2O is the sole agent. This is significant and 

important because, as mentioned in the introduction, existing depth of anesthesia monitors do not 

work reliably with N2O [7-13], or other putative NMDA receptor antagonists (in particular 

ketamine) in general [6], and a new depth of anesthesia monitoring method is needed that can 

work for all anesthetics, that is independent of its pharmacological mechanism [6].  

The increases in CS and CCS of 39% and 42%, respectively, and decrease in CCSd of 

34% (defined relative to the absolute value of median resting CCS) for N2O at 60% peak gas 

levels is consistent with the idea of N2O being a weak anesthetic, given that the potent anesthetic 

propofol previously produced a much larger decrease in CS of 255% for propofol levels 

associated with high levels of unresponsiveness (an Observer’s Assessment of Alertness/Sedation 

[44] score of zero) [18]. The magnitude of these changes suggests that CS-derived measures have 

a graded sensitivity to different levels of unresponsiveness that are induced by anesthetics of 

differing potency.  

The decrease in CCSd of 398% (defined relative to the absolute value of median resting 

CCSd) is partly a reflection of the small values for CCSd obtained during rest. This large change 

arises because the CCSd measure, as defined in Equation 7, involves normalising CCS by the 

median CCS value during the rest period. Rather than consider percent measure change, the better 

metric for quantifying how well the measures perform at tracking N2O concentration levels is the 

prediction probability, KP . The prediction probability results using the repeated measures general 

linear model showed that prediction probability for CCSd was statistically significantly different 

from the prediction probability for CS, with CCSd obtaining a prediction probability of 

70.0KP  and CS obtaining a lower prediction probability of 66.0KP  for the 60% peak gas 

group. This suggests CCSd better tracks the level of N2O gas concentration than CS and that 
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CCSd is more robust to noise. Given that the prediction probability results could not demonstrate 

that prediction probability for CCSd was statistically significantly different from the prediction 

probabilities for CCS or RMS power, it is not clear which of these measures is better at tracking 

N2O gas concentration even though CCS and RMS power both had slightly higher prediction 

probabilities than CCSd for the 60% peak gas group. Moreover, although RMS power achieved a 

slightly higher prediction probability than CCSd, it is known that RMS power is effected more by 

noise, such as electromyographic signals and power changes unrelated to anesthesia, than CS-

based measures are [18].  

The mean prediction probability value of  70.0KP  obtained here for CCSd for the 

60% peak gas group is also consistent with the idea of N2O being a weak anesthetic, since more 

standard depth of anesthesia monitoring measures, such as State Entropy and Response Entropy, 

have been shown to achieve a higher correlation with anesthetic concentration by demonstrating 

values of 9.0KP  for propofol concentrations spanning the range of participant states from 

awake to fully anesthetised [42]. It is expected that weaker anesthetics will have less noticeable 

effects on depth of anesthesia monitoring measures and therefore produce weaker correlations 

between the measures and the anesthetic concentration. It is very important to note, however, that 

proper comparison of prediction probabilities for different anesthetics should be performed with 

the same reference levels (e.g. proportion of minimum alveolar concentration for inhaled 

anesthetics [45]). Thus, the mean prediction probability value of 70.0KP  obtained here for 

CCSd for the 60% peak gas group is also consistent with the possibility of CCSd being only a 

moderate indicator of N2O gas concentration, although it performs well compared to the other 

measures considered here. Future work comparing different anesthetics and EEG measures is 

needed for clarification.     

As mentioned above, in previous work with propofol CS was found to decrease with an 

increase in anesthetic level [18], while here for N2O it was found CS increased. Hence here CCSd 
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was devised as a measure that would consistently decrease with increasing levels of propofol and 

N2O.  Since CCSd is directly related to CS it is expected that decreases in CCSd with increases in 

propofol concentration will be much larger than the CCSd decreases observed here for N2O. 

Future work will be needed to more completely characterize how CS-derived measures and CI 

vary with different levels of responsiveness induced by different anesthetics. 

As is outlined by the pole damping results in Figures 2 and 3 and the Appendix, the 

changes in CS, CCS, and CCSd for N2O can potentially be understood by the increased damping 

observed for poles in the 5-15 Hz band . Although the mixed model test for pole damping did not 

reveal statistically significant differences between rest and the 50-60% gas concentration bins at 

the group level, for each subject in the 60% peak gas group surrogate testing revealed statistically 

significantly different prediction probabilities for pole damping (mean 56.0KP  - indicating a 

decrease in the pole damping parameter) from the zero-correlation case ( 5.0KP ). Therefore, 

the results are inconclusive, however, Figure A1 illustrates that pole damping appeared present 

for the two subjects who had complete gas recordings in the 60% peak gas group (Figures A1(B) 

and (E)). Thus, more data will be needed to make a final conclusion. It is also worth noting that 

pole damping in the 0-5 Hz band, not calculated directly here, will also contribute to changes in 

CS, CCS, and CCSd as can be expected from the observed decreases in δ and θ band power.  

Similar findings occurred with regards to changes in CI as a function of N2O gas 

concentration. Although the mixed model test for CI did not reveal statistically significant 

differences between rest and the 50-60% gas concentration bins at the group level, for three of the 

four subjects in the 60% peak gas group surrogate testing revealed statistically significantly 

different prediction probabilities for CI (mean 66.0KP ) from the zero-correlation case (

5.0KP ) that also had values greater than 0.5. This indicates that CI decreased slightly for these 

three subjects, although for subject 18 the relationship between CI and gas concentration was 

highly variable (see Figure 2D). On the other hand, for subject 17 in the 60% peak gas group the 
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prediction probability was 43.0KP  which corresponds with an increase as is seen in Figure 

2D. Therefore, the results for CI are inconclusive. For the combination of the anesthetic propofol 

and the analgesic remifentanil, CI has been shown to be indicative of the analgesic effects of 

remifentanil [18]. Determining the utility of CI for tracking N2O gas concentration and its 

analgesic effects will require larger sample sizes and potentially higher gas concentrations, and/or 

assessment of responsiveness during painful stimuli. 

Further consideration of CCSd on larger sample sizes is also likely to be important to 

verify what has been observed here, primarily for the four subjects in the 60% peak gas group. 

For example, in Figure 2 there were some differences in the way CCSd decreased over time for 

the different subjects. In particular, subject 18 showed a strong drop in CCSd for the 0-10% N2O 

gas concentration bin as compared to the higher concentrations indicating that this subject may be 

more sensitive to the rate of change of delivery of N2O than the absolute concentration level. 

Moreover, across the subjects in Table 1 there is high degree of inter-individual variability in the 

prediction probability values. Such differences across subjects can only be properly characterised 

in studies with more subjects. At the same time, however, there are significant challenges in 

acquiring data at high N2O gas concentrations due to risks of nausea, emesis and hypoxia [46]. It 

is for these reasons that only 4 subjects were studied at the 60% N2O peak gas concentration 

level. After the experiences with the first 4 subjects, further study at this level involving delivery 

of only N2O and oxygen was deemed an unethical risk to subjects. Given the difficulties of 

collecting the data presented here, the data that we do have is of high value. Future studies with 

modified protocols that include strong antiemetics [47] that reduce nausea and emesis symptoms 

may be able to yield more data at the 60% N2O gas concentration level.     

Given that the relationship between measures and gas concentration could be nonlinear, 

for special cases (e.g. CI for the 60% peak gas group) we applied an exponential transform to a 

given measure based on a logarithmic fit between the measure and gas concentration. This 
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transform was applied to create a linear relationship between the transformed measure and the gas 

concentration before feeding the transformed measure data into the linear mixed model analysis. 

However, this did not change the statistical significance results for the mixed model analysis (for 

brevity results were not included).  

Taking into account that CS, CCS and CCSd depend on the mean pole projected onto the 

real axis, it can be seen that damping causes the mean pole to be closer to the origin and therefore 

CS, CCS and CCSd change relative to resting state. This change in CS-based measures may be 

indicative of the weak hypnotic effects of N2O [24]. The influence of damping of the dominant 

oscillations on the CS, CCS and CCSd measures suggests a better characterization of oscillatory 

damping may be key to understanding ARMA-based CS and CI measure changes for different 

substances.  

Given that N2O has both weak anesthetic and strong dissociative effects [24,48,49], it is 

difficult to disentangle the influence of these effects on the measures and the reductions in 

responsiveness seen in the subjects for high N2O gas levels.  

 

Comparison to other substance combinations 

The combination of 4% sevoflurane and 66% N2O  has been reported to produce a strong 

decrease in CI and a slight decrease in CS when compared to 4% sevoflurane alone [17]. 

Considering the effects seen here for N2O alone, it is therefore apparent that there are significant 

non-additive effects occurring when sevoflurane is combined with N2O. Comparing the increase 

of CS for N2O alone (39 %) with the slight decrease of CS (16%, not statistically significant) for 

N2O in combination with sevoflurane compared to 4% sevoflurane alone, suggests N2O may 

provide limited additional hypnotic effects when high levels of sevoflurane are already being 

applied. The lack of observed changes in CI for N2O alone differs from the large (approximately 

44%) decrease in CI when 66% N2O is added to 4% sevoflurane [17].  The mechanisms 

underlying this difference are not clear. Overall, these points highlight the potential risk that 
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for N2O in the presence of other anesthetics it will not be possible to detect the same CS-

based changes identified here when giving N2O alone, and that future work on the study 

of different anesthetic combinations is required. 

A recent study by Pavone et al. [23] looked at the effects on EEG band power observed 

when high dose (>60%) N2O gas concentration levels were delivered after sevoflurane-based 

anesthesia. It was found that strong alpha sub-band (8-12 Hz) power associated with sevoflurane 

delivery decreased with replacement with N2O, and this was also associated with an increase in 

slow delta band (0.1-4 Hz) power. The decrease in alpha band power they observed appears 

consistent with the apparent decrease in α (8-15 Hz) band power observed here for lower levels of 

N2O. It is still somewhat difficult to relate the work of Pavone et al. to the results observed here 

for N2O alone because Pavone et al. applied N2O when residual levels of expired sevoflurane 

were still present and there may be non-additive effects as a result. The strong decrease in alpha 

band power observed by Pavone et al. could be linked to the strong decrease in CI observed 

previously for the combination of 4% sevoflurane and 66% N2O as compared to sevoflurane 

alone [17], and the slight decrease in CS for this case could reflect the shift in dominant 

frequency from alpha band to slow-delta observed by Pavone et al.           

 

Conclusion  

Previous studies with the combinations of propofol and remifentanil [18], and 

sevoflurane and N2O [17], have demonstrated the powerful application of CS and CI to the 

dissociation of the hypnotic and analgesic effects of these substances. Here it is further 

demonstrated that CS and CS-derived measures, CCS and CCSd, are sensitive to increases in N2O 

gas concentration and associated induced reductions in responsiveness. This is an important step 

towards developing depth of anesthesia monitors that are sensitive to putative NMDA receptor 

antagonist anesthetic-induced reductions in responsiveness and consciousness. It will be 
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important to further evaluate CS-based measures and CI using different anesthetics and 

anesthetic/analgesic combinations in order to more generally evaluate their clinical utility for 

depth of sedation/anesthesia monitoring. At the same time it will be important to compare the 

performance of the CS-based and CI measures against other depth of anesthesia monitoring 

methods, such as the BIS monitor which appears insensitive to increases in N2O concentration 

despite reductions in responsiveness [7,8]. The BIS was not considered here because it is a 

proprietary method and requires access to a BIS monitor, however, the contributions we present 

here are useful in the context of the growing body of work on ARMA model-based depth of 

anesthesia monitoring [16-18,32,50,51]. It will also be important to consider comparisons with 

methods that take into account the unitary network mechanisms underlying anesthetic-induced 

loss of consciousness [52] or employ physiologically-motivated neural mass modelling 

approaches that can infer underlying anesthetic-induced neurophysiological changes [19]. 

 

Appendix 

As mentioned in the results, the analysis of frequency and damping of the poles focused on poles 

with frequencies in the band of 5-15 Hz because Yamamura et al. [39] observed strong effects of 

N2O on damping in this frequency band. Here the effects of N2O on the distributions of the poles 

are demonstrated for individuals for the highest N2O gas levels. 

Pole histograms of individuals in the 60% group 

For the rest and gas conditions, some of the effects of N2O on the EEG can be captured in 

the pole histograms of the ARMA model which reflect the normalized distributions of the 

dominant damped oscillations in the EEG. Figure A1(A) partly schematizes the meaning of these 

pole histograms which are plotted on the complex (number) plane because the poles, k , are 

represented by complex numbers. As described in the methods, the angle of a complex pole with 

respect to the origin of the complex plane corresponds to the oscillatory frequency of the pole. 
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The radial distance of a pole from the origin, reflects the damping of the pole (the closer to the 

origin the more damped the oscillation). Figures A1(B)-(E) show the pole histograms for the rest 

(top row) and gas (middle row) data, and the difference between the rest and gas histograms 

(bottom row) for the four individuals in the 60% peak gas group. Figures A1(B)-(E) correspond 

to subjects 17, 18, 19 and 20, respectively. The gas data corresponds to the last five minutes of 

the equilibrated peak gas period, except for subjects 18 and 19 who, due to nausea and emesis, 

had their gas recordings shortened to less than 5 and 10 minutes in duration, respectively. For 

these two subjects the last two minutes of their gas recordings were used. In each subfigure the 

poles have been histogrammed by binning the complex plane. In the rest and gas data rows, only 

the portion of the complex plane corresponding to positive frequencies between 0 Hz (horizontal 

axis) and 20 Hz (vertical axis) is shown. In the row highlighting the differences in the rest and gas 

histograms the region of the complex plane corresponding to the significant alpha subband (8-12 

Hz) changes is focused on. The rest data row indicates the presence of a strong alpha (8-12 Hz) 

peak during the resting eyes closed condition for all individuals. In the gas data row it can be seen 

that alpha poles within the same region have become damped. This is also reflected in the row 

showing the histogram differences where the radially inward blue to red shifts indicate an 

increase in damping when going from the rest to the gas cases.  
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Table Legends 

Table 1. Prediction probabilities KP  for each feature for each individual and the mean in the 20, 

40 and 60% peak gas groups. 
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Figure Legends 

Fig. 1 Example frontal (FPz) EEG data from an individual in the 60 % peak gas group (subject 

17). EEG data during (A) baseline resting eyes closed and (B) equilibrated peak level of 60 % 

N2O gas concentration. EEG amplitude spectra for (C) baseline and (D) gas. 

Fig. 2 Measure dependence on N2O gas concentration for individuals in the 60% peak gas group 

for (A) CS, (B) CCS, (C) CCSd, (D) CI, (E) the pole frequency f  in the 5-15 Hz band, (F) the 

pole damping γ in the 5-15 Hz band, and (G) RMS power. In each subfigure the mean (solid dots) 

and standard deviation (error bars) of a given measure for each rest and N2O gas concentration 

bin are shown for each individual in the 60% peak gas group. (H) Legend coding each individual 

in the 60% peak gas group - subjects 17 (red), 18 (green), 19 (blue) and 20 (purple) - and the 

number of epochs, n, contributing to each mean and error bar for each individual. The * occurring 

above the error bars for the rest bin for each individual indicate statistical significance of the 

surrogate-based Mann-Whitney U test for the comparison of prediction probabilities for a given 

measure with the prediction probabilities for its associated zero-correlation (i.e. 5.0KP ) 

surrogates for 01.0p .  

Fig. 3 Measure dependence on N2O gas concentration and aCPT accuracy for the 20, 40 and 60% 

peak gas groups. (A) CS, (B) CCS, (C) CCSd, (D) CI, (E) the pole frequency f  in the 5-15 Hz 

band, (F) the pole damping γ in the 5-15 Hz band, (G) RMS power, (H) 1-4 Hz (δ) band power, 

(I) 4-8 Hz (θ) band power, (J) 8-15 Hz (α) band power, (K) 15-30 Hz (β) band power, and (L) 30-

110 Hz (γ, high γ and overlapping broadband EMG) band power as a function of N2O gas 

concentration for each gas group. In (A)-(L) the group mean (solid dots) and standard deviation 

(error bars) of a given measure for each rest and N2O gas concentration bin are shown for each 

peak gas group.  (M) Legend coding each N2O peak gas group – 20% (red), 40% (green), and 

60% (blue) - and the number of subjects, n, contributing to each mean and error bar for each 

group. The * and ** occurring above the error bars for the different gas concentration bins for 
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each group indicate statistical significance of the mixed model testing for the comparison of the 

measure values at rest and in the corresponding gas concentration bin for 05.0p  and 

01.0p , respectively.  (N) The relationship between gas concentration and aCPT accuracy 

(responsiveness). In (N) the legend indicates the peak gas group: 20% (red), 40% (green), and 

60% (blue). Each bar represents the probability that a given gas concentration range was 

correlated with either an ‘incorrect’ (top row) or ‘correct’ (bottom row) response. 

Fig. A1 Normalised pole histograms for individuals in the 60% peak gas group. (A) Schematic 

illustrating the relationship between pole frequency and damping in the complex plane. An 

increase in pole angle coincides with an increase in pole frequency and thus the frequency of the 

dominant oscillations in the EEG. A decrease in pole radius, γ , means an increase in pole 

damping and thus a decrease in amplitude of the dominant oscillations of the EEG. (B)-(E) The 

pole histograms for the rest (top row) and gas (middle row) data, and the subtraction of the gas 

histogram from the rest histogram zoomed in at the alpha band region (bottom row). (B)-(E) 

correspond to the same participants in Figure 2(A)-(D), respectively. The color bars on the right 

of the gas histogram code the probability of a pole occurring at a particular point in the complex 

plane and apply to both the rest and gas histograms of the corresponding individual. The color 

bars to the right of the difference between the histograms codes the probability difference 

between the two normalized histograms. Blue, white and red indicate where the rest histogram is 

greater than, equal to, and less than the gas histogram, respectively.   
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Tables 

Table 1. Prediction probabilities KP  for each feature for each individual and the mean in the 20, 

40 and 60% peak gas groups. 

Feature CS CCS CCSd CI Freq. γ  Power 

20% peak gas group  

Subject 1 0.56 0.65 0.62 0.44 0.50 0.48 0.48 

Subject 2 0.64 0.81 0.81 0.22 0.50 0.47 0.44 

Subject 3 0.54 0.55 0.55 0.38 0.60 0.47 0.55 
Subject 4 0.51 0.53 0.51 0.62 0.48 0.53 0.57 

Subject 5 0.45 0.48 0.53 0.50 0.55 0.46 0.47 

Subject 6 0.48 0.42 0.58 0.52 0.51 0.51 0.48 

Subject 7 0.53 0.54 0.53 0.47 0.51 0.53 0.51 

Subject 8 0.42 0.39 0.59 0.60 0.48 0.46 0.47 

Mean 0.52 0.55 0.59 0.47 0.52 0.49 0.50 
Std 0.06 0.13 0.09 0.12 0.04 0.03 0.04 

40% peak gas group 

Subject 9 0.69 0.75 0.76 0.35 0.43 0.65 0.54 

Subject 10 0.50 0.54 0.51 0.60 0.56 0.51 0.55 
Subject 11 0.54 0.56 0.54 0.71 0.57 0.47 0.67 

Subject 12 0.45 0.44 0.49 0.63 0.54 0.45 0.59 

Subject 13 0.49 0.53 0.52 0.69 0.47 0.47 0.66 
Subject 14 0.30 0.19 0.79 0.82 0.51 0.36 0.66 

Subject 15 0.62 0.74 0.69 0.51 0.35 0.48 0.65 

Subject 16 0.56 0.63 0.61 0.66 0.42 0.46 0.63 

Mean 0.52 0.55 0.61 0.62 0.48 0.48 0.62 
Std 0.11 0.17 0.11 0.13 0.07 0.08 0.05 

60% peak gas group 

Subject 17 0.79 0.78 0.77 0.43 0.47 0.54 0.77 
Subject 18 0.54 0.59 0.58 0.64 0.55 0.52 0.70 

Subject 19 0.68 0.73 0.71 0.57 0.60 0.55 0.68 

Subject 20 0.66 0.78 0.74 0.76 0.42 0.62 0.82 

Mean 0.66 0.72 0.70 0.60 0.51 0.56 0.74 
Std 0.09 0.08 0.07 0.12 0.07 0.04 0.06 

Std: Standard deviation. Bold Italic KP  values indicate statistically significant different from zero 

correlation based on surrogate testing (p<0.01) and values above 0.5. Bold KP  values indicate the 

mean value within each group. CS: cortical state, CCS: composite cortical state, CCSd: composite 

cortical state distance, CI: cortical input, Freq.: Pole frequency, γ : pole damping, Power: RMS 

power. 
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Fig. 2 
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Fig. 3 
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Fig. A1 

 

 

 

 

 

 

 

 

 

 

 


