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(57) Abstract: The present disclosure describes systems and methods of estimating sedation level of a patient using machine learning.
For example, the integration of multiple QEEG features into a single sedation level estimation system using machine learing could
result in a significant improvement in the predictability of the levels of sedation, independent of the sedative drug used. The present
disclosure advantageously allows for the incorporation of large numbers of QEEG features and machine learning into the next-genera-
tion monitors of sedation level. Different QEEG features may be selected for different sedation drugs, such as propofol, sevoflurane and
dexmedetomidine groups. The sedation level estimation system can maintain a high performance for detecting MOAA/S, independent
of the drug used.
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SEDL.0O35WO PATENT
COMBINING MULTIPLE QEEG FEATURES TO ESTIMATE DRUG-
INDEPENDENT SEDATION LEVEL USING MACHINE LEARNING

INCORPORATION BY REFERENCE TO ANY PRIORITY APPLICATIONS
[0001] Any and all applications for which a foreign or domestic priority claim is
identified in the Application Data Sheet as filed with the present application are hereby

incorporated by reference under 37 CFR 1.57.

FIELD OF DISCLOSURE
[0002] The present disclosure relates to the field of patient monitoring. In some
examples, the disclosure relates to monitoring the depth of consciousness of a patient under

anesthetic sedation.

BACKGROUND OF THE INVENTION
[0003] Sedation indicators based on a single quantitative electroencephalogram
(QEEGQG) feature have been criticized for limited performance as estimates of the sedation level
of a patient. Thus, an improved way to estimate sedation level may be desirable. There is a
need for robust sedation level monitoring systems to accurately track sedation levels across all

drug classes, sex, and age groups.

SUMMARY

[0004] The present disclosure describes systems and methods for estimating
sedation level of a patient using machine learning. For example, the integration of multiple
quantitative electroencephalogram (QEEG) features into a single sedation level estimation
system 200 using machine learning could result in a significant improvement in the
predictability of the levels of sedation, independent of the sedative drug used.

[0005] In one example, 102 subjects were studied, with 36 subjects given propofol
(N= 36), 36 subjects given sevoflurane (N=36), and 30 subjects given dexmedetomidine (N=
30). Subject sedation level was assessed using the Modified Observer’s Assessment of
Alertness/Sedation (MOAA/S) score. Forty four QEEG features estimated from the EEG data
were used in a logistic regression based automated system to predict the level of sedation.
Elastic-net regularization method was used for feature selection and model training.

Evaluation were performed using leave-one-out cross validation methodology. The area under
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the receiver operator characteristic curve (AUC) and Spearman rank correlation coefficient (p)
were used to assess the performance of the logistic regression model. The following
performances were obtained when the system was trained and tested as drug dependent mode
to distinguish between awake and sedated states (mean AUC = SD): propofol - 0.97 (0.03),
sevoflurane - 0.74 (0.25), and dexmedetomidine - 0.77 (0.10). The drug independent system
resulted in a mean AUC = 0.83 (0.17) to discriminate between awake and sedated states, and
mean Spearman rank correlation p = 0.54 (0.21) to predict continuous levels of sedation.

[0006] The present disclosure advantageously allows for the incorporation of large
numbers of QEEG features and machine learning into the next-generation monitors of sedation
level. Different QEEG features may be selected for different sedation drugs, such as propofol,
sevoflurane and dexmedetomidine groups. However, the sedation level estimation system can
maintain a high performance for detecting level of sedation, independent of the drug used.

[0007] In some embodiments, disclosed herein is a method for generating a
sedation level estimate. The method can include receiving an electroencephalography (EEG)
signal from a sensor electrode attached to the patient. The EEG can include a plurality of
channels. The method can further include segmenting the EEG signal into smaller epochs for
each channel. The method can also include extracting features of the EEG signal in each epoch.
The method can further include determining a median of features among the plurality of
channels for each epoch. In some instances, the method can include determining, by a
classifier, a probabilistic estimate of a patient sedation. = The method can also include
generating, using a determined correlation, a sedation level estimate, the sedation level estimate
comprising a continuous sedation score. In some instances, the method can include displaying
an indication of the sedation level estimate. The method can be performed by one or more
hardware processors.

[0008] In some instances of the preceding method, the epoch can be 4 seconds. In
some instances, the features include quantitative electroencephalogram (QEEG) features. In
some instances, extracting features include extracting at least 44 QEEG features. In some
instances, extracting features include extracting at least some of the 44 QEEG features. In
some instances, the classifier includes a binary classifier trained by a machine learning model.
Further, in some instances, the binary classifier is trained using awake and sedated epoch data,
the awake and sedated epoch data can include a plurality of epochs having sedation scores.
The sedation scores can include a score on a scale of 0 to 5. The sedation scores can also
include a score between 0 and 100. The sedation scores can also include MOAA/S scores.

Furthermore, the determined correlation can include a correlation between the probabilistic
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estimate of the patient sedation and a sedation score. In some instances, the determined
correlation include a spearman rank-correlation.

[0009] In some embodiments, disclosed herein is a system for generating a sedation
level estimate. The system can include one or more hardware processors. The one or more
hardware processors can receive an electroencephalography (EEG) signal from a sensor
electrode attached to the patient. The EEG can include a plurality of channels. The one or
more hardware processors can segment the EEG signal into smaller epochs for each channel.
The one or more hardware processors can extract features of the EEG signal in each epoch.
The one or more hardware processors can determine a median of features among the plurality
of channels for each epoch. In some instances, the one or more hardware processors can
determine, by a classifier, a probabilistic estimate of a patient sedation. The one or more
hardware processors can also generate, using the determined correlation, a sedation level
estimate, the sedation level estimate including a continuous sedation score. In some instances,
the one or more hardware processors can cause a display to display an indication of the sedation
level estimate.

[0010] In some instances of the preceding system, the epoch can be 4 seconds. In
some instances, the features include quantitative electroencephalogram (QEEG) features. In
some instances, extracting features include extracting at least 44 QEEG features. In some
instances, extracting features include extracting at least some of the 44 QEEG features. In
some instances, the classifier includes a binary classifier trained by a machine learning model.
Further, in some instances, the binary classifier is trained using awake and sedated epoch data,
the awake and sedated epoch data can include a plurality of epochs having sedation scores.
The sedation scores can include a score on a scale of 0 to 5. The sedation scores can also
include a score between 0 and 100. The sedation scores can also include MOAA/S scores.
Furthermore, the determined correlation can include a correlation between the probabilistic
estimate of the patient sedation and a sedation score. In some instances, the determined
correlation include a spearman rank-correlation.

[0011] In some embodiments, disclosed herein is a method of selecting a subset of
EEG features for use in an electronic determination of sedation state across a plurality of drugs.
The method can include receiving EEG signal data from an EEG sensor for a plurality of
administered drugs. The method can also include associating a human determined sedation
score corresponding to patient’s sedation state with the received EEG signal data. The method
can further include selecting EEG signals with the associated human determined sedation score

that has a high degree of confidence. The method can also include extracting a plurality of
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features from the selected EEG signals. The method can further include training the plurality
of features with the corresponding human determined sedation scores. In some instances, the
method can include identifying a set of features with a high degree of correlation based on the
training.

[0012] In some embodiments, disclosed herein is a system of selecting a subset of
EEG features for use in an electronic determination of sedation state across a plurality of drugs.
The system can include one or more hardware processors. The one or more hardware
processors can receive EEG signal data from an EEG sensor for a plurality of administered
drugs. The one or more hardware processors can associate a human determined sedation score
corresponding to patient’s sedation state with the received EEG signal data. The one or more
hardware processors can select EEG signals with the associated human determined sedation
score that has a high degree of confidence. The one or more hardware processors can extract
a plurality of features from the selected EEG signals. The one or more hardware processors
can further train the plurality of features with the corresponding human determined sedation
scores. In some instances, the one or more hardware processors can identify a set of features
with a high degree of correlation based on the training.

[0013] In some embodiments, disclosed herein is a method of determining sedation
state of a patient. The method can include receiving EEG signal data from an EEG sensor.
The method can further include extracting features from the received EEG signal data. The
method can also include applying non-linear machine learning model to the received EEG
signal data. The method can also include determining the sedation state based on the
application of the non-linear machine learning model.

[0014] The preceding method can include any combination of the following
features, wherein the non-linear machine learning model includes ensemble tree with bagging
model; wherein the non-linear machine learning model includes random forest model; wherein
the non-linear machine learning model includes support vector machine with Gaussian kernel
model; wherein the non-learning model comprises elastic net logistic regression; wherein the
features include at least power in alpha band and power in beta band; wherein the features

include at least BSR, standard deviation of FM, SVDE and FD.

[0015] In some embodiments, disclosed herein is a system of determining sedation
state of a patient. The system can include one or more hardware processors. The one or more
hardware processors can receive EEG signal data from an EEG sensor. The one or more

hardware processors can extract features from the received EEG signal data. The one or more
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hardware processors can apply non-linear machine learning model to the received EEG signal
data. The one or more hardware processors can determine the sedation state based on the
application of the non-linear machine learning model.

[0016] The preceding system can include any combination of the following
features, wherein the non-linear machine learning model includes ensemble tree with bagging
model; wherein the non-linear machine learning model includes random forest model; wherein
the non-linear machine learning model includes support vector machine with Gaussian kernel
model; wherein the non-learning model comprises elastic net logistic regression; wherein the
features include at least power in alpha band and power in beta band; wherein the features

include at least BSR, standard deviation of FM, SVDE and FD.

BRIEF DESCRIPTION OF THE DRAWINGS

[0017] FIG. 1A illustrates an example Frontal EEG spectrogram of a volunteer in
the propofol group.

[0018] FIG. 1B illustrates an example propofol blood concentration level (BCL),
and corresponding Modified Observer’s Assessment of Alertness/Sedation Scale (MOAA/S).
CePROP corresponds to example targeted propofol effect-site concentrations.

[0019] FIG. 2 illustrates an example architecture of one example of the sedation
level estimation system.

[0020] FIG. 3 illustrates an example distribution of AUC for individual features
across a group of example drugs to discriminate between awake and sedated EEG epochs.

[0021] FIG. 4 illustrates boxplots showing an example distribution of the AUC of
one example of the sedation level estimation system across nine training and testing
combinations using an example combined set of features (QEEG features).

[0022] FIG. 5 illustrates an example heatmap illustrating the percentage number of
times a given feature was selected by the elastic-net feature selection algorithm in drug
independent mode for (A) propofol, (B) sevoflurane, (C) dexmedetomidine, and (D) combined
drugs.

[0023] FIG. 6 illustrates example boxplots showing the distribution of performance
metrics according to one example— (a) area under the curve (AUC) and (b) Spearman’s
correlation (p) of the sedation level estimation system 200 across different testing combinations

in drug independent mode.
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[0024] FIG. 7 shows an example illustration of the correlation between the output
of an example sedation level estimation system 200 and example Modified Observer's
Assessment of Alertness/Sedation Scale (MOAA/S) assessments.

[0025] FIG. 8A shows the architecture of an example sedation level prediction
system.

[0026] FIG. 8B shows signal processing of each one minute EEG segment that was
further divided into 4 seconds small duration epochs for analysis.

[0027] FIG. 9 shows the performance of individual features to discriminate
between awake and sedated states with and without remifentanil.

[0028] FIG. 10 illustrates the heatmap of weights assigned by the ET-B algorithm
to individual features across all iterations.

[0029] FIG. 11 shows effect of adding remifentanil to the predictive ability.

[0030] FIG. 12 illustrates a block diagram of an EEG hardware system.

[0031] FIG. 13 illustrates an embodiment of the EEG hardware system shown in
Figure 12.

[0032] FIG. 14 illustrates a block diagram of a controller for processing and

analyzing EEG signals to determine state of sedation.

DETAILED DESCRIPTION
A. Introduction

[0033] Optimal management of the level of sedation becomes increasingly
important during surgical procedures to ensure minimal side effects and rapid recovery of the
patient. Current practice for monitoring the sedation state during anesthesia relies mainly on
the behavioral assessments of the patients’ response to a verbal and/or tactile stimulus.
However, these behavioral assessments can only be performed intermittently by the
anesthesiologist. Moreover, it may be difficult to quantify sedative effect once all visible
responsiveness of the patient to verbal, tactile or noxious stimuli have disappeared. Without
the availability of continuous information on the sedation level, anesthetic drug administration
can result in over or under dosage, leading to a variety of complications. For the past few
decades developing electroencephalogram (EEG) based sedation level monitoring techniques
has been an active area of research and many such techniques have been developed. However,
their performance is limited due to drug specificity and inter- (and intra-) subject variability.

Neurophysiological distinctions, age and sex-dependent EEG changes between sedation drugs
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highlight the need for more robust techniques to monitor sedation levels or patient sedation
index.

[0034] Anesthetic-induced oscillatory dynamics (e.g., time-varying amplitude and
frequency characteristics) are readily observed on the EEG, and can be used to monitor patients
receiving general anesthesia in real time. Each anesthetic drug class induces drug-specific
oscillatory dynamics that can be related to circuit level mechanisms of anesthetic actions.
Further, anesthetic induced oscillatory dynamics change with age. Thus, a EEG based sedation
level monitoring system should be robust with drug and/or age specific variations.

[0035] Different sedatives produce specific EEG signatures. An important design
factor in any sedation monitoring algorithms is the choice of relevant features to extract from
the EEG signal. The present disclosure relates to a machine learning based drug-independent
sedation level monitoring system and sedation level estimate using a large set of QEEG
features. In some examples, several features derived from the frontal EEG, commonly reported
for EEG and sedation level analysis, can be used as input to a logistic regression for
automatically predicting a patient’s sedation level. Furthermore, the systems and methods
described herein can enable determination of a specific set of features from the larger set that
are suitable for particular conditions — including patient characteristics and drug characteristics.
For example, the systems and methods described herein enable feature selection to be used in
determination of sedation for a particular group of drugs. Furthermore, once the features are
selected, the systems and methods described herein can store the features and corresponding

weights that enable determination of level of sedation.

B. Overview

[0036] This disclosure describes systems and methods for a machine learning-
based automatic drug independent sedation level estimation system 200. The sedation level
estimation system 200 can use a large set of QEEG features to generate a sedation level
estimate. Example QEEG features are described below. The set of QEEG features can include
features that may capture EEG dynamics in time, frequency and entropy domains. The set of
QEEG features may be derived from frontal EEG. The level estimation system 200 can be
based on probability output of the logistic regression evaluated on healthy subjects during
anesthesia with propofol (N = 36), sevoflurane (N = 36) and dexmedetodimine (N = 30)
infusion. The model can be assessed using AUC as a metric. In one example, the level
estimation system 200 resulted in a mean AUC = 0.97 (0.03), 0.74 (0.25), 0.77 (0.10) for

propofol, sevoflurane and dexmedetomidine, respectively, to discriminate between awake and
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sedated states in drug dependent mode. In another example, the sedation level estimation
system 200, when used in a drug independent mode, resulted in an overall mean AUC = 0.83
(0.17). Thus, by pooling the dataset from multiple anesthetic drugs, it is possible to obtain a
reliable sedation level estimation system 200 with the help of machine learning algorithms.

[0037] The systems and methods disclosed take a multidimensional approach using
machine learning techniques and a large set of QEEG features to predict levels of sedation.
The performance of the sedation level estimation system 200 can depend on the type of
anesthetic drug used for training the classifier model. For example, different features can be
selected by the prediction system for propofol, sevoflurane and dexmedetomidine. This may
be due to different anesthetics targeting different molecules and engaging different neural
circuit mechanisms, which in turn relate to different drug-specific EEG signatures.

[0038] An ideal sedation level estimate should be easy to interpret and should not
be influenced by the type of anesthetics used. With the help of large set of QEEG features and
machine learning algorithms, it is possible to develop a drug independent sedation level
estimation system 200. To implement the disclosed system in clinical settings, features
selected by an EN algorithm on the training set can help predict sedation levels on the new
subject. For a new patient, for each 4 second incoming EEG signal, the system may estimate
only those features selected by the EN algorithm and input those features into the optimal
model to predict the probability of being in a sedated state.

[0039] In some examples, the performance of sedation level estimation system 200
was lower with dexmedetomidine sedation when compared to propofol and sevoflurane. One
possible reason is due to the difference in the mechanism of dexmedetomidine-induced
sedation from that of propofol and sevoflurane induced sedation. Patients receiving
dexmedetomidine can be in a “moderate sedation” state, often remain cooperative and can be
awakened/aroused easily. In contrast, propofol and sevoflurane induces the patient in a general
anesthetic state, and therefore the machine learning algorithm can easily discriminate between
different sedation levels when compared to dexmedetomidine.

[0040] The disclosed sedation level estimation system 200 has several advantages:
1) It can be objective, free from human behavioral assessment error, 2) it can provide an
approximately continuous probabilistic measure for meaningful clinical interpretation, 3) it can
have good time-resolution (in other words, it can provide a sedation level estimate once every

4s), and 4) it can be used across multiple drugs.
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C. Example Measurement of EEG data

[0041] In one example, EEG data for propofol and sevoflurane were recorded using
a 16 channel EEG monitorin healthy volunteers with a sampling frequency = 5kHz and were
later reduced to 1kHz during transition to extraction file. In another example, 32 channel EEG
data for dexmedetomidone was recorded using an amplifier with a recorder at a sampling rate
of 5kHz. In some examples, subjects were asked to keep their eyes closed for the entire study
duration. Subjects can be excluded in cases of body weight being less than 70% or more than
130% of ideal body weight, pregnancy, neurological disorder, diseases involving the
cardiovascular, pulmonary, gastric, and endocrinological system, or recent use of psycho-
active medication or intake of more than 20 g of alcohol daily. The collection and processing
of EEG data can be performed by the controller 1400 as discussed in more detail with respect

to Figure 14.

D. Example Methods of Drug Administration

[0042] Propofol can be administered through an intravenous line. The
pharmacokinetic-dynamic (PKPD) model of Schnider can be used to predict the effect-site
concentration (CePROP). After 2 minutes of baseline measurements, a “staircase” step-up and
step-down infusion of propofol can be administered. For example, the initial CePROP can be
set to 0.5 ug mL™! followed by successive steps toward target concentration of 1, 1.5, 2.5, 3.5,
4.5,6 and 7.5 pg mL.

[0043] Sevoflurane can be titrated to target or maintain an approximately constant
end-tidal sevoflurane (ETSEVO). For example, the initial ETSEVO can be set to 0.2 vol%
followed by successive ETSEVO of 0.5, 1, 1.5, 2.5, 3.5, 4, 4.5 vol%. The upwards staircase
can be followed until tolerance/no motoric response to all stimuli is observed and a significant
burst suppression ratio of at least 40% is attained (for both propofol and sevoflurane). Next,
the downward staircase steps can be initiated, using identical targets but in reverse order. In
order to obtain a pharmacological steady state at each new step in drug titration, a 12 minutes
equilibration time can be maintained once the desired predicted effect-site concentration of
propofol or the measured end-tidal vol% of sevoflurane was reached.

[0044] Dexmedetomidine can be delivered by using effect site target controlled
infusion. Before dexmedetomidine is administered, and after checking adequate function of
all monitors, a 5 minutes baseline measurement can be performed during which the volunteer
is asked not to talk, to close the eyes and relax for some minutes. After gathering initial baseline

data, dexmedetomidine infusion can be initiated, with the following targeted effect site

-



WO 2020/163640 PCT/US2020/017074

concentrations: 1.0 ng/ml (0-40 mins), 3.0 ng/ml (40-90 mins), 4.0 ng/ml (90-130 mins), 5.0
ng/ml (130-170 mins), and 6.0 ng/ml (170-200 mins). Advantageoulsy, this protocol can allow
all effect sites to reach an approximately steady state. Fifty minutes after increasing to a

concentration of 6.0 ng/ml, dexmedetomidine infusion can be ceased.

E. Sedation Assessment

[0045] The Modified Observer’s Assessment of Alertness/ Sedation (MOAA/S)

score can be used to score patient sedation levels. MOAA/S scores can range from 5
(responsive to auditory stimuli) to O (deeply sedated/ unresponsive/ comatose). In some
examples, the performance of the disclosed system was tested to discriminate between two
MOAA/S groups that are clearly well distinguishable from a clinical viewpoint in terms of
patient’s level of consciousness: awake [MOAA/S 5 and 4] versus sedated [MOAA/S 1 and 0].
An example illustrating the behavioural response and its corresponding EEG spectrogram for

an example propofol induced subject is shown in FIGS. 1A and 1B.

F. Example Sedation Level Estimation System

[0046] A sedation level estimation system 200 can include a number of processes
implemented by a controller 1400 as discussed with respect to Figure 14. The controller 1400
can include one or more engines for processing, analyzing, and transforming the non-invasive
sensor signals into output(s) that are readable by a clinician. The engines and other aspects of
the controller 1400 can include programmed instructions capable of being executed on one or
more hardware processors. The programmed instructions can be stored in a memory. The
programmed instructions can correspond to the processes described herein. The engines and
other aspects of the controller 1400 may also be implemented in a combination of hardware,
such as circuits, FPGA, ASICs and the like and programmed instructions. The controller 1400
may operate the engines in parallel on the one or more hardware processors.

[0047] In one example, the controller 1400 may perform the preprocessing step
signals from EEG channels and segmenting them into short duration epochs. Several QEEG
features can be extracted from each EEG epoch and combined by taking the median across
channels. The feature vectors can then be fed to the classifier and the probability of each
sedation level can be obtained for each EEG epoch. An automated probabilistic sedation level
estimate can then obtained. The architecture can be implemented as programmed instructions

executed by one or more hardware processors. The architecture can be implemented with
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Masimo Sedline® Brain Function Monitor (sold by Masimo of Irvine, CA). An example
architecture is described in more specificity with respect to Figures 12 and 13 below.

[0048] In some examples, four frontal EEG channels arranged in bipolar
configuration may be used to collect EEG signals. For example, EEG signals from Fp1, Fp2,
F7, and F8 electrodes in a Fp1-F7 and Fp2-F8 configuration may be used. However, other
configurations of EEG electrodes may be used.

[0049] As shown in FIG. 2, a sedation level estimation system 200 can include a
preprocessor block 210, an EEG epoch segmentation block 212, a feature extraction block 214,
amedian block 216, a feature selection block 218, a logistic regression block 220, and a discrete
to continuous (DTC) transform block 222. The processes pertaining to each of the above blocks

can be implemented with the controller 1400.

1. EEG Preprocessing and Epoch Extraction

[0050] Referring to FIG. 2, at a preprocessor block 210, the controller 1400 can
process EEG signals for further analysis. For example, EEG signals from Fpl, Fp2, F7, and
F8 electrodes may contain DC offset from Analog to Digital conversion and power line noise
as interference. At the preprocessor block, controller 1400 may remove baseline noise by band
pass filtering. The band pass filter may have a range of about 0.5 Hz to 30 Hz. For example,
the band pass filter may have a frequency range of 0.5-25 Hz. The upper frequency range of
25 Hz can reduce the influence of muscle artifact during periods of light sedation and
wakefulness. The controller 1400 may downsample the EEG signals. For example, the
controller 1400 may downsample the EEG signals to 250 Hz.

[0051] At an EEG epoch segmentation block 212, the controller 1400 can segment
the output from preprocessor block 210 into smaller epochs. For example, output from
preprocessor block 210 may be one-minute EEG segments. The controller 1400 can segment
the one minute EEG segments into 4-second epochs with 0.1s shift. The output of the EEG

epoch segmentation block 212 can be segmented EEG signals.

2. Feature Extraction

[0052] With continued reference to FIG. 2, at a feature extraction block 214, the
controller 1400 can extract features in the EEG signals output from the EEG epoch
segmentation block 212. The controller 1400 can use a set of some or all established features
for the feature extraction. For example, the controller 1400 can use at least forty four QEEG

features (from time, frequency and entropy domain). The QEEG features can be extracted from
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the segmented EEG signal(s). For example, the controller 1400 can extract 44 QEEG features
from each 4 second epoch in each example bipolar montaged channel. Example features are
shown in Table 1.

Table 1

Domain Features

Time (1) Nonlinear energy operator, (2) Activity (1st Hjorth parameter), (3)
Mobility (2~ Hjorth parameter), (4) Complexity (3¢ Hjorth parameter), (5)
Root mean square (RMS) amplitude, (6) Kurtosis, (7) Skewness, (8-11) mean,
standard deviation, skewness and kurtosis of amplitude modulation (AM),
(12) Burst suppression ratio/minute (BSR).

Frequency (13) PPss = mean power in delta band (0.5-4 Hz), (14) PPgs = mean power
in theta band (4-8 Hz), (15) PPaa = mean power in alpha band (8-12 Hz),
(16) PPss = mean power in spindle band (12-16 Hz), (17) PPgs = power in
beta band (16-25 Hz), (18) PP1T = total spectral power (0.5-25 Hz), (19-23)
PPss/PPrr, PPea/PP1r, PPaa/PP1r, PPos/PPrT, PPBg/PPrT, (24-27)
PPss/PPeg, PPaa/PPo6, PPos/PPeo, PPpg/PPos, (28-30) PPaa/PPog,

PPsa/PPeo, PPgg/PPes, (31-34) mean, standard deviation, skewness and

kurtosis of frequency modulation (FM) (35) spectral edge frequency, (36)
peak frequency.

Entropy | (37) Singular value decomposition entropy, (38) spectral entropy, (39) state
entropy, (40) sample entropy, (41) Renyi entropy, (42) Shannon entropy, (43)
permutation entropy, (44) fractal dimension.

[0053] At a median block 216, the controller 1400 can obtain a median across
channels. The output of the median block 216 can include a set of features for the subject. For
example, where the controller 1400 extracted 44 features across two channels for the subject
at feature extraction block 214, the controller 1400 can determine a median of the features in
the two channels, resulting in a dataset of 44 features for the subject. The controller 1400 can

also use other averaging operators instead of taking median.

3. _Classification and Post-Processing

[0054] With continued reference to FIG. 2, at a feature selection block 218, the
controller 1400 can select features to train models to predict the probabitlity of sedation level.
For example, logistic regression with an elastic-net (EN) regularization method for feature
selection can be used to train models to predict the probability of sedation level using the glmnet
toolbox. For an elastic-net regularizaton method for feature selection, Y € IR” can be the nx1

desired output, X € R”*X P can be a matrix of features or observations and b € R? a parameter
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vector. The elastic-net regularization estimation procedure can create a model that predicts ¥
as ¥ = bTX by minimizing the square of the h-norm of the difference between the true
response and the desired output response, and /1 | 1> penalty factors which can be written as:
argmin ¥ — XblI + (1 — ) lIbll; + e [Ibl1)

where A is the penalty parameter, II.l,, Il.ll, are the /-norm and /, - norm, respectively, and
a controls the relative contribution of the II.1l;, II.1l, penalties. Setting a =1 can result in least
absolute shrinkage and selection operator (LASSO) and « =0 can be equivalent to ridge regression.
Elastic-net regularization feature selection method is ideal for datasets with multiple features that
are highly correlated. In applicants where several highly correlated features are used, LASSO
performs sparse selection, tending to select one feature and discarding the rest. Ridge regression
can shrink the model coefficients towards each other for highly correlated features. The elastic-net
produces sparse feature representation through I; penalty and selects corresponding features
through 1, penalty. In short, for a given A as o increases from 0 to 1, the number of sparse model
coefficients (coefficients equal to () monotonically increase from O to LASSO sparse estimation.
For example, a =0.5 can be set for equal contribution from II. I, II.1l, penalties.

[0055] Ata DTC transform block 222, the controller 1400 can convert the predicted
output ¥ = b’ X of the model to posterior probabilities via the logit transform to obtain the

patient sedation level as:

1
1+ exp(—b"X)

P(Y = 1|X) =

This patient sedation level can indicate the sedation state of a patient. The patient sedation
level can bea probabilty score on a continuous scale of O to 1. Thus, the output of the DTC

transform block 222 can be a continuous score representative of patient sedation level.

4. Metrics
[0056] The area under the receiver operator characteristic curve (AUC) can be used
to assess the performance of the logistic regression model. In addition, the Spearman rank
correlation coefficient (p) can be obtained between the sedation level estimate and continuous

MOAA/s assessments.

5. Cross Validation

[0057] Leave-one-out cross validation (LOOCV) can be used to assess

performance of the prediction system, to provide an unbiased estimate of out-of-sample model
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performance. In one example, data from (N-1) subjects were used for parameter selection and
model training and the left-out subject was used for testing. This process was repeated until
the recording from each subject was used once for testing (N iterations in total). This LOOCV
process can be referred to as outer cross validation to distinguish it from a sepearate inner
cross validation process performed on each fold of the training data (see below). Whereas the
purpose of outer cross validation may be to obtain an unbiased estimate of model performance,

the purpose of inner cross validation may be optimization of model parameters.

6. Training

[0058] The training data can be selected for training based on a quality metric for
the training data. For example, the training data may include MOAA/S scores. Since MOAA/S
scores are subjective measures, scores closer to the extremes of 0 and 5 (e.g. scores 0, 1, and
4, 5) are more likely to be correct than scores in the center of the scale (e.g. scores 2, 3). Thus,
to more accurately train the model, data relating to MOAA/S scores closer to the center of the
MOAA/S scale may be excluded from the training data.

[0059] The training data (i.e. data from (N-1) subjects) can be used to select features
for inclusion in the model and to estimate the optimal values for the coefficients in the linear
regression model. Feature selection can involve selecting a hyperparameter A in the elastic-net
regularization function, such as 10-fold cross validation on the training data (i.e. dividing
training data into 10 parts). In each fold of inner cross validation, a series of models can be
trained using a range of penalty values A, and tested each model on the remaining fold of the
training data. The value of A that minimizes the mean deviance across all 10 inner cross
validation folds can be selected as the optimal A and later used to train a single final model on

all of the training data.

7. Testing

[0060] A model resulting from internal cross validation can be tested in the outer
loop of LOOCV by evaluating its performance on the held-out testing data. The trained
regression model with parameters that were optimal for the training data can be used to predict
the probability of patient responses on the left-out testing data. Thus, the model selection
routine can be performed only on the training data (using inner cross validation) and be

independent from the testing data.
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[0061] In some examples, nine different training and testing combinations were
tested to demonstrate the effect of drug dependency (drug dependent system): 1) PP - train and
test on propofol data, 2) SP - train on sevoflurane and test on propofol data, 3) DP —train on
dexmedetomidine and test on propofol data, 4) SS - train and test on sevoflurane data, 5) PS -
train on propofol and test on sevoflurane data, 6) DS - train on dexmedetomidine and test on
sevoflurane data, 7) DD - train and test on dexmedetomidine data, 8) PD - train on propofol
and test on dexmedetomidine data, and 9) SD - train on sevoflurane and test on
dexmedetomidine data. In some examples, to test the performance of the system in drug
independent mode (drug independent system), a cross-anesthetic model by pooling data from
all three anesthetics was developed. For example, propofol, sevoflurane and dexmedetomidine

data can be combined as one dataset and a LOOCV can be performed.

8. Statistical Analysis

[0062] In some examples, analysis of variance (ANOVA) followed by post-hoc
testing with the Tukey Honest Significant difference test was used to assess group differences.
In some examples, tests were two-sided with alpha = 0.05. In some examples, coding and

analysis was performed using the MATLAB 2018a scripting language (Natick, USA).

G. Example Application of Sedation Level Estimation system

1. Performance of Individual features

[0063] Example distributions of AUC values for individual features across three
drugs are shown in FIG. 3. No single feature was able to efficiently differentiate between
awake and sedated state for the three drugs illustrated in FIG. 3 (AUC > 0.9). The relative
entropy (RE) had the highest AUC for both propofol (AUC = 0.87 (0.10)) and sevoflurane
(AUC = 0.71 (0.05)). For dexmedetomidine, singular value decomposition entropy
outperformed other features (AUC = 0.66 (0.05)).

2. Drug Dependent System

[0064] Example performance of the sedation level estimation system 200 using
different feature domains is given in Table 2. As shown in Table 2, performance was
significantly better (p < 0.05) using combined QEEG features (time + frequency + entropy)
when compared to other individual domain features. In some examples, the following
performances were obtained for different training and testing combinations using QEEG

features: PP - 0.97 (0.03), SS - 0.74 (0.25), DD - 0.77 (0.10), SP - 0.93 (0.06), DP = 0.82
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(0.11), PS = 0.73 (0.23), DS = 0.66 (0.18), PD = 0.74 (0.09), and SD= 0.71 (0.10). In some
examples, the performance of the system when trained and tested on the same drug
outperformed the system when trained and tested on different drugs. Example distributions of

AUC values using QEEG features are shown in FIG. 4.

Table 2
Feature PP SS DD SP DP PS DS PD SD
Time 0.9 0.67 0.75 0.87 0.87 0.67 0.66 0.73 0.74

(0.08) | (0.23) | (0.09) | (0.10) | (0.10) | (0.21) | (0.22) | (0.10) | (0.09)
Frequency | 0.95 0.70 0.75 0.90 0.83 0.70 0.63 0.73 0.68
(0.06) | (0.22) | (0.09) | (0.07) | (0.11) | (0.22) | (0.20) | (0.10) | (0.08)
Entropy 0.96 0.72 0.77 0.95 0.91 0.71 0.67 0.80 0.79
(0.04) | (0.23) | (0.10) | (0.05) | (0.07) | (0.24) | (0.24) | (0.09) | (0.10)
QEEG 0.97 0.74 0.77 0.93 0.82 0.73 0.66 0.79 0.78
(0.03) | (0.25) | (0.10) | (0.06) | (0.11) | (0.23) | (0.18) | (0.09) | (0.10)
Table 2 shows example performance of an example of the sedation level estimation system
200 (AUC values across patients) using feature sets. Results are reported as mean (+
standard deviation). Abbreviations: AUC, area under the curve; PP, train and test on
propofol; SS, train and test on sevoflurane; DD, train and test on dexmedetomidine; Sp,
train on sevoflurane and test on propofol; DP, train on dexmedetomidine and test on
propofol; PS, train on Propofol and test on sevoflurane; DS, train on dexmedetomidine and
test on sevoflurane; PD, train on propofol and test on dexmedetomidine; SD, train on
sevoflurane and test on dexmedetomidine.

3. Drug Independent System

[0065] In one example of a drug independent system, data was combined from three
anesthetic drugs (a total of 102 iterations), resulting in slight decrease in the performance of
2% for propofol (mean AUC = 0.97 (0.03) to 0.95 (0.05) , p = 3.5E-4), 1% for sevoflurane
(mean AUC = 0.74 (0.25) t0 0.73 (0.22) , p = 0.40), 1% in the case of dexmedetomidine (mean
AUC 0.77 (0.10) t0 0.76 (0.10), p = 0.48), and an overall mean AUC = 0.83 (0.17) using QEEG
features.

[0066] Table 3 shows an example list of the top 20 features selected (reported as

FT . . .
TN X 100 %, where FTy = number of times a given feature was chosen across all subjects

during training process, and N refers to number of patients in each drug class) by an EN
algorithm across all subjects for propofol, sevoflurane and dexmedetomidine. Not all 44 QEEG

features may be significant to the system and the features may vary across each patient.
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Table 3
Propofol Sevoflurane Dexmedetomidine Combined
Feature FTy Feature FTy Feature Ty | Feature FTy
Kurtosis 100 Kurtosis 100 Kurtosis 85.19 | Kurtosis 37.89
Skewness 100 std FM 100 Complexity 85.19 | power in 37.89
alpha band
power in 100 fractal 100 skewness 85.19 | std FM 37.89
delta band dimension AM
power in 100 power in 96.88 | kurtosis AM 85.19 | fractal 37.89
spindle alpha band dimension
band
spindle/total 100 Skewness 84.38 | BSR 85.19 | Skewness 36.84
alpha/delta 100 BSR 84.38 | powerin 85.19 [ BSR 36.84
delta band
mean FM 100 theta/total 84.38 | theta/total 85.19 | power in 36.84
spindle band
std FM 100 alpha/total 84.38 | alpha/total 85.19 | theta/total 36.84
kurtosis FM 100 alpha/delta | 84.38 | spindle/total 85.19 | alpha/total |36.84
spectral 100 alpha/theta | 84.38 | beta/total 85.19 | alpha/delta |36.84
edge
frequency
permutation 100 beta/theta 84.38 | spindle/theta |[85.19 | alpha/theta |36.84
entropy
fractal 100 skewness 84.38 | std FM 85.19 | beta/theta 36.84
dimension FM
Nonlinear 97.22 | spectral 84.38 | skewness 85.19 | skewness 36.84
energy edge M M
operator frequency
RMS 97.22 | peak 84.38 | spectral 85.19 | kurtosis FM | 36.84
amplitude frequency edge
frequency
power in 97.22 | Renyi 84.38 | Singular value |85.19 | spectral 36.84
beta band entropy decomposition edge
entropy frequency
state 97.22 | Shannon 84.38 | state 85.19 | peak 36.84
entropy entropy entropy frequency

Table 3 shows an example list of top 20 features and the number of times each feature was

FT . .
selected (reported as reported as TN X 100 %, where FTy = number of times a given feature

was chosen across all subjects during training process, and N refers to number of patients in
each drug class) by EN algorithm across all subjects for propofol, sevoflurane and
dexmedetomidine.

[0067]

FIG. 5 shows an example heatmap of features selected by an example EN

regularization feature selection method in drug independent mode for (A) propofol, (B)

sevoflurane, (C) dexmedetomidine, and (D) combined drugs.
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weightage assigned by an example elastic-net regularization algorithm to individual features
for sedation level prediction. Higher intensity in the colormap indicates features that are more
robustly informative (selected more consistently across different subjects during classifier
training). Different combinations of features can be selected for each patient as part of the
cross validation methodology in which different training data (all data except that subject’s
own data) are used for training the model to predict level of arousal on the testing subject. For
example, features that were more consistently selected across all subjects for propofol,
sevoflurane, and dexmedetomidine include Kurtosis, power in the alpha band, standard
deviation of FM, and fractal dimension. Other common features selected are listed in Table 3.
Certain features may correlate with greater levels of sedation. In some examples, a controller
1400 may select the features with greater correlations in order to determine a sedation level
estimation. For example, the controller 1400 may select 3 features with the greatest correlation
with sedation when selecting features from the testing data for analysis. The controller 1400
can store the selected features for use in new patients.

[0068] An example distribution of performance values of an example of the system
in drug independent mode across different drugs is shown in FIG. 6. In particular, FIG. 6
illustrates boxplots showing the distribution of performance metrics according to one example—
(a) area under the curve (AUC) and (b) Spearman’s correlation (p) of the sedation level
estimation system 200 across different testing combinations in drug independent mode. P may
represent a model trained on combined data and tested on propofol data, S may represent a
model trained on combined data and tested on sevoflurane data, D may represent a model
trained on combined data and tested on dexmedetomidine data, and PSD may represent a model

trained and tested on combined data.

H. Continuous Sedation Level Assessment

[0069] Using a multi-class classification or a multinomial regression may not be
efficient due to the annotation noise and limited dataset in intermediate sedation states which
will provide a discrete score. To overcome these limitations, a model may be trained by the
controller 1400 to discriminate between two extreme levels of sedation and use a logit
transform to convert it into a continuous probability sedation level score or patient state index.
This approach is beneficial because MOAA/S scores are not continuous response assessments,
(i.e. they are performed intermittently), and can therefore limit the number of assessments in

individual scores, creating an imbalanced dataset. Additionally, the approach is beneficial
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because it can reduce the score “annotation-noise” due to interobserver variability during
sedation level assessment.

[0070] A continuous sedation level or patient state index can be obtained by
developing a binary classifier, which is trained only on awake and sedated epochs, to assign a
probability score to all EEG epochs corresponding to all MOAA/S scores (0 to 5). For example,
the controller 1400, through a binary classifier, may determine a probability score of 0.6 or
60% probability of the patient being sedated for an epoch having a MOAA/S score of 3. The
Spearman rank-correlation (p) can then be obtained between a binary classifier sedation level
and all MOAA/S scores. For example, the controller 1400 may determine a probability score
for a number of epochs that may have a range of MOAA/S scores. The controller 1400 may
then determine a correlation between that dataset and the MOAA/S scores. That correlation
can be used to generate a continuous sedation level estimation. Once determined, the
correlation can be used to generate a continuous sedation level estimate as part of a patient
monitoring system.

[0071] Table 4 summarizes the performance of the system 200 to predict a
continuous sedation level. In one example, this approach provided promising results, with a
mean p = 0.54 (0.21) significantly better than a random chance p = 0.12 (0.09), suggesting
that the system trained as a binary model may ultimately provide a continuous level estimation
of sedation level.

[0072] FIG. 7 shows an example illustration of the correlation between the output
of an example sedation level estimation system 200 and example Modified Observer's
Assessment of Alertness/Sedation Scale (MOASS) assessments. In the example shown in FIG.
7, a trained binary logistic regression model (trained only on awake and sedated epochs) is used
to obtain continuous probability score (Yp) on the testing volunteer. “True” may correspond
to MOAA/S scores, PP may correspond to a model trained and tested on propofol data (p =
0.71), and PSD may correspond to a model trained on combined data and tested on propofol

data (p = 0.65).
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Table 4

Drug Time Frequency Entropy QEEG
AUC p AUC P AUC p AUC p

Propofol 0.88 0.58 092 | 0.67 | 093 | 070 | 094 0.72
(0.08) | (0.17) | (0.05)| (0.10) | (0.04) | (0.09)| (0.05) | (0.09)

Sevoflurane 0.65 0.39 0.67 | 040 | 0.69 | 044 | 0.73 0.48
(0.22) | (0.20) | (0.21)| (0.19)| (0.23) | (0.20) | (0.22) | (0.19)

Dexmedetomidine 0.73 0.33 0.74 | 033 | 072 | 031 | 0.76 0.35
(0.09) | (0.15) | (0.10)| (0.16) | (0.10) | (0.15)| (0.10) | (0.17)

Combined drugs 0.77 0.45 0.78 | 0.49 | 0.80 | 051 | 0.82 0.54
(0.18) | (0.20) | (0.18)| (0.21)| (0.18) | (0.21)| (0.17) | (0.21)

Table 4 shows example performance of an example of the patient sedation level estimation
system 200 (mean AUC values across patients) in drug independent mode using feature sets.
Results are reported as mean, + standard deviation. Abbreviations: AUC, area under the
curve; p, Spearman’s rank correlation.

I. Nonlinear Machine Learning Models

[0073] In addition to the models deiscussed above, the controller 1400 can also use
alone or in comination non-linear machine learning models. In total, 204 EEG recordings from
66 healthy volunteers were used to determine performance of several nonlinear machine
learning algorithms to predict sedation levels or patient state index. In some instances, the
following disclosure can be used to develop a robust and reliable real-time automatic sedation
level prediction system implemented by the controller 1400 that is invariant across all
conditions.

[0074] Each volunteer was scheduled to receive four sessions of anesthesia with
different drug combinations in a random order, with a minimal interval of one week between
sessions. The four sessions were named ‘“propofol alone”, “sevoflurane alone”, “propofol
combined with remifentanil”, and “sevoflurane combined with remifentanil”. In each session
that needed blood sampling, the volunteer received an arterial line before any drug was
administered. Propofol and remifentanil were administered through an intravenous line by a
Fresenius Base Primea docking station (Fresenius-Kabi, Bad Homburg, Germany) carrying
two Fresenius Module DPS pumps, that were controlled by RUGLOOPII software (Demed,
Temse, Belgium) in order to steer target-controlled infusion (T'CI). RUGLOOPII is a computer-
controlled drug delivery and data collection software package. Both drugs were titrated towards
a target effect-site concentration using a three compartmental pharmacokinetic-dynamic
(PKPD) model enlarged with an effect-site compartment. For propofol, the pharmacokinetic-
dynamic (PKPD) model of Schnider et al 2 was used to predict the effect-site concentration

(CePROP). For Remifentanil, the effect-site concentration (CeREMI) was predicted by the
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PKPD model of Minto et al. 3. Sevoflurane was titrated using the proprietary closed loop
algorithm of the Zeus® ventilator (Software version 4.03.35, Driger Medical, Liibeck,
Germany) to target and maintain a constant end-tidal sevoflurane (ETSEVO).

[0075] Each session contained two separate titration-phases: a stepwise up and
down administration of drugs towards consecutive steady state conditions. The sequence of
events and study observations are shown in the original study 1.After 2 minutes of baseline
measurements, a “staircase” step-up and step-down infusion of anesthetic drugs was
administered. For the propofol alone group, the initial CePROP was set to 0.5 pg mL-1
followed by successive steps toward target concentration of 1, 1.5, 2.5, 3.5, 4.5, 6 and 7.5 ug
mL-1. For the sevoflurane alone group, the initial ETSEVO was set to 0.2 vol% followed by
successive ETSEVO of 0.5, 1, 1.5, 2.5, 3.5, 4, 4.5 vol%. The upwards staircase was followed
until tolerance/no motoric response to all stimuli was observed and a significant burst
suppression ratio of at least 40% was attained. Next, the downward staircase steps were
initiated, using identical targets but in reverse order. For the sessions with remifentanil, the
same procedure was conducted, although 2 minutes prior to the start of propofol or sevoflurane,
a CeREMI of 2 or 4 ng mL-1 was targeted in accordance with the stratification and maintained
during the entire study. After the predicted CePROP or ETSEVO reached the target at each
step, an equilibration time of 12 minutes was maintained to allow optimal equilibration
between plasma- or end-tidal concentration and the corresponding effect-site concentration
resulting in a pharmacological condition called a “pseudo-steady state.”

[0076] After the 12 minutes of equilibration time, an additional minute of baseline
electroencephalographic and hemodynamic measurements was performed. Thereafter, the
Modified Observer’s Assessment of Alertness/Sedation (MOAA/S) scale 4 was scored
followed by two minutes of response time. This score is ranging from 5 (responding readily to
name spoken in normal tone) to 0 (not responding to a painful trapezius squeeze). The observed
MOAA/S is followed by drawing an arterial blood sample for analyzing the concentration of
propofol and/or remifentanil. For sevoflurane, the measured ETSEVO at this steady-state
condition was registered. A schematic diagram of the order of events can be found in the
supplements of the original studyl. Two minutes after MOAA/S, an electrical stimulus was
administered during maximal 30 seconds and the tolerance/motoric responsiveness to electrical
stimulation was observed, again followed by two minutes of response time.

[0077] In each session, the volunteers started by breathing spontaneously through
a tight-fitting face mask connected to an anesthesia ventilator (Zeus®, Software version

4.03.35, Driger Medical, Liibeck, Germany). End-tidal sevoflurane (ETSEVO), carbon
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dioxide and oxygen concentration were measured using a gas-analyzer of the anesthesia
ventilator. If deemed necessary, respiratory support was applied to guarantee an unobstructed
airway, adequate oxygenation (SpO2 > 92%) and CO2 (35-45 mmHg) homeostasis.
Throughout the study, all volunteers were connected to a vital signs monitor to monitor the
oxygen saturation (measured by pulse oximetry), electrocardiogram (ECG) and intermittently
measured non-invasive blood pressure at 1-min intervals.

[0078] Raw electro-encephalographic waves were measured using a 16 channel
Neuroscan® EEG monitor (Compumedics USA, Limited, Charlotte, NC, USA) existing of a
SynAMPRT headbox (model 9032) and system unit, that respectively collected and amplified
the raw electro-encephalographic signals towards a laptop computer running SCAN4
proprietary recording software (Compumedics, Charlotte, USA). The volunteer wore a cap
over the head mounted with standard 10-20 electrode montage. Through these electrodes we
recorded raw EEG of locations A1,A2 (references on left and right earlobe), F3, Fz, F4
(electrodes in the cap above the motor cortex and frontal lobes), T7,C3, Cz,C4 and T8
(electrodes above the temporal parietal lobes and the somatosensory cortex), P3,Pz,P4
(electrodes above the occipital region) and Oz as a cranial and centrally located reference
point). In addition, a bilateral PSI electrode was attached on the forehead of the volunteer and
connected to a Masimo Root Monitor (Model-RDS-7, Masimo, Irvine, USA) that runs
SEDLine®brain function software, in concordance with the manufacturer’s instructions
(Masimo Inc., Irvine, USA). This frontal adhesive electrode recorded 4 additional channels
being: L1, R1, L2, R2 (L1 and R1 are the Fpl and Fp2 leads of the standard 10-20 system).
Even and uneven numbers in the standard 10-20 electrode montage correspond respectively to
the right and left side of the brain.

[0079] An example Masimo SEDLine connection cable used here is described with
respecto Figures 12 and 13. For each lead of raw signal, a splitter was connected in order to
allow simultaneous recording of the raw electroencephalogram by both SCAN4 (for storing
high resolution raw EEG signals) and Masimo SEDLine software (for calculating
electroencephalographic derived patient state index). The impedance of all electrodes was
checked using the SCAN4 impedance algorithm. Impedance is indicated with a color code for
every lead and screenshots of the impedance test-results were stored both before and after the
drug administration. When impedance was higher than 30.7 kOhms, it was optimized by
applying local pressure on the electrode (using adhesive tape) and/or adding additional

lubrificating gel.
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[0080] Propofol (2,6-diisopropylphenol) plasma concentrations were measured
using a validated gas chromatography-mass spectrometric analysis, whereas remifentanil

plasma concentrations were measured using a liquid chromatography-tandem mass 5.

Patient inclusion

[0081] Subjects were included age- and sex stratified into 3 age categories (18-34,
35-49 and 50-70 years). Volunteers were excluded if their body mass index was greater than
30 kg/m?2 or less than 18 kg/m?2, if they had any significant cardiovascular risk factor or disease,
if they had neurological disorders, suffered from dementia, schizophrenia, psychosis, drug or
alcohol abuse or daily use of more than 20 g of alcohol, depression requiring anti-depressive
drug treatment or when they recently used psycho-active medication. Furthermore, volunteers
could not participate in this trial when they were pregnant or breastfeeding, had a bilateral non-

patent arteria ulnaris or suffered from any relevant medical condition.

Study design

[0082] Each volunteer underwent two study sessions with at least one week
between both sessions. On the first study day, volunteers received dexmedetomidine
administered through target-controlled infusion (TCI) with targeted effect site concentrations
of consecutively 1, 2, 3, 5 and 8 ng/ml. On their second study day (> 1 week later), subjects
received a similar stepwise increasing infusion of remifentanil with effect site targets of 1, 2,
3, 5 and 7 ng/ml. Consecutively, after allowing remifentanil to washout, volunteers received
dexmedetomidine TCI with a targeted effect site concentration of 2 ng/ml. As soon as this
effect site concentration was reached, an infusion of remifentanil was added with increasing

effect site target concentrations of respectively 0.5, 1.0, 1.5, 2.0, 2.5, 3.0 and 4.0 ng/ml.

Study procedures

[0083] Study participants were instructed to fast from 6h before the start of their
scheduled study sessions. Furthermore, they were instructed not to consume alcohol for 2 days
prior to the study, not to smoke tobacco for 1 week and not to use recreational drugs for 2
weeks prior to their study days. When they arrived at the research unit, a 20-gauge intravenous
cannula was placed and subjects were connected to a vital signs monitor. Under ultrasound
guidance and after injection of a local anesthetic, a 20-gauge arterial cannula was placed for
blood sampling and hemodynamic monitoring. During the study sessions a nurse anesthetist

and anesthesiologist were present and responsible for the drug administration, monitoring,
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respiratory support and providing emergency care when needed. A complete anesthetic
workstation was present as well as an anesthesia ventilator (Zeus Infinity C500 ventilator,
Driger Medical, Libeck, Germany). A research physician and nurse performed all other study
procedures. Volunteers were connected to the ventilator using a tight-fitting face mask with
an inspired oxygen fraction set to 25%. The anesthesiologist supported respiration, if deemed
necessary, by verbal stimulation, jaw thrust or chin lift, or by adding pressure support or

positive pressure ventilation using the anesthesia ventilator.

Assessment of cerebral drug effect

[0084] The cerebral drug effect was measured using 17-channel
electroencephalography (EEG), with a BrainAmp DC32 amplifier and a Brainvision recorder
(Brain Products GmbH, Gilching, Germany) recording at a sampling rate of 5 kHz.
Furthermore, the level of sedation was tested at baseline, at each infusion step and during the
recovery phase, using the MOAA/S score. In addition, prior to each increase in infusion step,
a laryngoscopy was performed if the MOAA/S score was less than 2. Before the start of the
infusions, volunteers were placed in supine position and they were asked to close their eyes.
Except for the MOAA/S assessments, volunteers were not stimulated and ambient noise was
kept low throughout the study session. Prior to the start of the drug infusions, baseline

measurements of EEG and vital sign parameters were performed during a 5-minute period.

Drug administration

[0085] Dexmedetomidine and remifentanil were both administered using target-
controlled infusion. For dexmedetomidine, this TCI was based on the pharmacokinetic and
pharmacodynamic (PKPD) models developed by Hannivoort and Colin et al. 6 using the effect
site of the MOAA/s. For the first 3 infusion targets, the infusion rate was limited to 6 pg-kg-
1-h-1 and for the highest two targets to 10 ug-kg-1-h-1. This was done in order to decrease
initial hypertensive reactions as seen with bolus administration. To target remifentanil effect
site concentrations, a PKPD model developed by Eleveld et al 7 was used.

Recovery phase

[0086] Drug infusion was stopped after completion of all infusion steps or after a
subject tolerated a laryngoscopy. In addition, when one of the safety criteria was met and

deemed relevant by the anesthesiologist, drug infusion was also ceased.
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[0087] Those safety criteria were:

- An change >30% in mean arterial blood pressure compared to baseline for
more than 5 minutes

- A heart rate <40 bpm lasting more than 5 minutes

- A change in cardiac rhythm or conduction

- Any other safety reason (decided by the attending anesthesiologist)

[0088] Rescue medication with 0.5 mg atropine was administered if deemed
necessary and then dexmedetomidine and/or remifentanil infusion was ceased. For maintaining
acceptable blood pressure, volunteers were put in a slight Trendelenburg position. A rescue
dose of 5 mg ephedrine was administered if needed and then drug infusion was ceased.

[0089] After cessation of drug infusion, the recovery phase began. Measurements
and monitoring continued until the volunteer met the criteria of our hospitals post anesthesia

care unit, then after also the last blood sample was taken, he or she was discharged home.

Blood sampling, storage and analysis

[0090] Blood samples were drawn from the arterial line at baseline prior to
changing the targeted effect site concentration (at steady-state), and at predefined time points
during the recovery period. The samples were collected in EDTA tube and stored on ice for a
maximum of 15 minutes for remifentanil or 1 hour for dexmedetomidine. Samples were
centrifuged at 4°C for 5 minutes and with 1,754 xg (Labofuge 400R, Heraeus Holding GmBh,
Hanau, Germany). The plasma was then transferred into cryovials. Sample stability for
remifentanil was improved by adding 1.5 pL of formic acid per milliliter of plasma. The
cryovials were then stored at or below -20°C.

[0091] Analysis of plasma concentrations was done using ultra-high-performance
liquid chromatography- mass spectrometry (UPLC-MS/MS by a Xevo Triple Quadrupole mass
spectrometer, Waters Corporation, Milford, Massachusetts, USA). The upper and lower limits
of quantification were 20 ng/ml and 0.05 ng/ml respectively for both drugs. Samples thought
to be above the upper quantification limit were diluted prior to sample treatment. The
coefficient of variation was below 9% for remifentanil and below 8% for dexmedetomidine.

[0092] As discussed above, the Modified Observer’s Assessment of Alertness/
Sedation (MOAA/S) score 15 was used to assess the level of sedation. A MOAA/S score of 5
indicates awakeness and MOAA/S = 0 corresponds to a deep sedated state. A binary
classification between two MOAA/S subgroups: awake [MOAA/S 5 and 4] versus sedated
[MOAA/S 1 and 0], discarding the remaining MOAA/S scores was performed.
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Sedation Level Prediction System

[0093] Figure 8A shows the architecture of the example sedation level prediction
system that can be implemented with the controller 1400 and the EEG hardware systems
described below. EEG was recorded using 17 channels according to international 10-20 system
described in the supplementary material 1. For practical reasons, only used four frontal EEG
channels, re-referenced in bipolar montage: Fpl — F7 and Fp2 — F8 for developing the
prediction model. The controller 1400 can be used to bandpass filtered the signal (using a zero-
phase second order Butterworth bandpass filter) between 0.5 — 25Hz and resampled to 250Hz.
From the downsampled signals, the controller 1400 can extract one minute EEG segments
preceeding the MOAA/S assessments with an assumption that they correspond to the assessed
MOAA/S score. Each one minute EEG segment was further divided into 4 seconds small
duration epochs for further analysis (see figure 8B).

[0094] The controller 1400 can extract the following 44 quantitative EEG (QEEG)
features from each 4s EEG epoch in this study:

¢ Time domain — (1) Nonlinear energy operator, (2) Activity (1% Hjorth parameter), (3)
Mobility (2™ Hjorth parameter), (4) Complexity (3 Hjorth parameter), (5) Root mean
square (RMS) amplitude, (6) Kurtosis, (7) Skewness, (8-11) mean, standard deviation,
skewness and kurtosis of amplitude modulation (AM), (12) Burst suppression
ratio/minute (BSR);

¢ Frequency domain — (13) Ps = mean power in delta band (0.5-4 Hz), (14) Py = mean
power in theta band (4-8 Hz), (15) P, = mean power in alpha band (8-12 Hz), (16)
P, = mean power in spindle band (12-16 Hz), (17) Pg = power in beta band (16-25
Hz), (18) Pp =total spectral power (0.5-25 Hz), (19-23) Ps/Pr,
Po/Pr,FPy/Pr,Ps/Pr,Pg/Pr, (24-27) Ps/Pg,Fa/Pg,P5/Pg,Pg/Pg, (28-30)
Py/Pqg,Pys/Pg,Pg/ Py, (31-34) mean, standard deviation, skewness and kurtosis of
frequency modulation (FM) (35) spectral edge frequency, (36) peak frequency;

¢ Entropy domain — (37) Singular value decomposition entropy, (38) spectral entropy,

(39) state entropy, (40) sample entropy, (41) Renyi entropy, (42) Shannon entropy, (43)
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permutation entropy, (44) fractal dimension.

[0095] These features can be extracted separately for each bipolar frontal montage
channel and then obtained a median across channels to combine the channel information. These
features were then used to train a machine learning algorithm to obtain the probability of the
sedated state for each 4s EEG epoch.

Metrics

[0096] The controller 1400 can use the area under the receiver operator
characteristic curve (AUC) to evaluate the model performance. The controller 1400 can also
report sensitivity, specificity, F1-score for the best performing machine learning model.

Machine learning model development

[0097] The controller 1400 can evaluate the performance of four machine learning
algorithms: elastic net logistic regression (EN-LR), support vector machine with Gaussian
kernel (SVM-G), random forest (RF), and Ensemble tree with bagging (ET-B). The controller
1400 can evaluate the performance of the proposed system using a leave-one-out cross-
validation technique i.e. the controller 1400 divided the data into N-1 folds. In each iteration,
the controller 1400 used N-1 EEG recordings for training the machine learning model and the
left-out unseen recording for testing, resulting in a total of N iterations. In each fold, features
in the training data were Z-score standardized (by subtracting the mean and dividing by the
standard deviation) and the testing data features were normalized with respect to the Z-score
normalization factor of the training data before using them for classification. The controller
1400 performed grid search to identify the optimal hyper-parameters of these models
(summarized in supplementary table 1) through 10-fold cross-validation within the training
data and the final optimal model was then used to estimate the sedation level probability on the
testing data. This was repeated until each data was used once for testing and is illustrated in
figure 8.

[0098] Supplementary table 1: Summary of the grid search range used to tune
machine learning hyperparameters. The optimal value refers to the value obtained during the

training process.
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Model Hyperparameter Grid search range Optimal
) ) parameter
(min,max,step size)
EN-LR o (Regularization) 0,1,0.1 0.9
SVM-G v = gaussian kernel, C = 0.1, 100,0.1 v=2.5,C=50
cost function
RF number of trees 50, 1000,10 500
ET-B Number of learning 10,200,5 30
cycles

[0099] First, the controller 1400 performed binary classification to differentiate
between awake and sedated state using pooled dataset during propofol, sevoflurane and
dexmedetomidine infusion. Then the controller 1400 added remifentanil data to this pooled
dataset to evaluated the robustness and stability of the machine learning models. By this way
the controller 1400 identified the machine learning model that is invariant after the addition of

new drug (remifentanil in this case).

Performance of individual QEEG features

[0100] Figure 9 shows the performance of individual features to discriminate
between awake and sedated states with and without remifentanil. Interaction with remifentanil
significantly dropped the performance of all features. Fractal dimension provided the highest
AUC of 0.74 (0.71-0.75) without remifentanil and dropped to 0.66 (0.64-0.68) after the

addition of remifentanil.

Performance of machine learning models

[0101] The performance of different machine learning models to predict sedation levels
using the proposed architecture is summarized in table 1, shown below. The performance of
ensemble tree with bagging outperformed other machine learning models and was stable after

the inclusion of remifentanil
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Model AUC P-value
without remifentanil with remifentanil
EN-LR 0.89 (0.81 - 0.92) 0.85 (0.80 - 0.88) 0.02
SVM-G 0.85 (0.77 - 0.88) 0.84 (0.75 - 0.89) 0.04
RF 0.83 (0.76 - 0.87) 0.82 (0.75 - 0.88) 0.06
ET-B 0.88 (0.85- 0.91) 0.87 (0.84 - 0.89) 0.06

[0102] All models had AUC’s above (0.8 without remifentanil but the AUC’s
dropped significantly when interacted with remifentanil. However, the performances of the tree
based methods were not sensitive to the addition of remifentanil and the ET-B model achieved
the highest AUC of 0.88 (0.84 —0.89). All subsequent results will be based on the performance

of ET-B including remifentanil.

Discriminative features

[0103] Figure 10 illustrates the heatmap of weights assigned by the ET-B algorithm to
individual features across all iterations. Different features were selected in different iterations
and 6 features were highly discriminatory (normalized weight > 0.3) without remifentanil:

BSR, Pﬁ, Pﬁ /Pr, standard deviation of FM, SVDE, and FD. After the inclusion of remifentanil

12 features had weights above 0.3: NE, mobility, complexity, BSR, P,, P,, P, /Pg, standard
deviation of FM, kurtosis of FM, SVDE, SE, and FD.

Effect of age
[0104] To evaluate the effect of age on the performance of the ET-B model, the

controller 1400 divided the dataset into three sub groups: groupl- 18 to 35 years, group 2 — 35
to 50 years and group 3 — 50 to 70 years. The controller 1400 then performed three different
training testing combinations: (i) train on group 1 test on groups 2 and 3, (ii) train on group 2
test on groups 1 and 3 and (iii) train on group 3 test on groups 1 and 2. The following table
provieds summary of AUC’s (mean AUC (95% CI)) obtained for each model when trained and

tested across different age groups.

Groupl Group2 Group3
Groupl 0.89 (0.79- 0.95) 0.75(0.74-0.76) 0.73 (0.71-0.74)
Group2 0.77 (0.75 - 0.79) 0.88 (0.77 -0.95) 0.80(0.78 - 0.82)
Group3 0.78 (0.77 - 0.79) 0.83 (0.81 - 0.84) 0.89 (0.76 - 0.95)
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[0105] The performance of the model was nearly similar when trained and tested
within the same age group, however, it dropped significantly (approximately 10% reduction in
the overall AUC) during cross training and testing (trained and tested on different groups).
Effect of sex

[0106] To evaluate the influence of sex, the controller 1400 performed cross
training and testing i.e, the controller 1400 trained the ET-B model on male and tested it on
female and vice-versa. When trained and tested within the same sex the prediction performance
of the ensemble model was similar: AUC = (.88 (0.82 - 0.92) and 0.90 (0.85 -0.94) for male
and female, respectively. However, the overall performance dropped by 9% (0.79 (0.75 - 0.85))
and 8% (0.82 (0.77-0.88)) for male and female, respectively during cross training and testing.
Model

[0107] In recent years, there is a growing interest in developing EEG-based level
of sedation monitors. However, among several unresolved important questions, it was not clear
why these monitors failed to perform across different anesthetic drugs and patient groups.
Using a large set of 44 QEEG features, the ensemble tree with bagging (ET-B) machine
learning model achieved the best prediction performance of AUC > (.85 to discriminate
between awake and sedated states. Thus, in some instances, this model can be used for a drug-
independent nonlinear machine learning based sedation level prediction system. In some
instances, individual features and/ or features derived from spectral domain are not sufficient
for real-time sedation level prediction at population level. Further, in some instances, addition
of remifentanil affects the prediction performance of different features. Moreover, in some
aspects, it is important to include all age groups and sex to develop a robust patient-independent
sedation level monitoring system.

[0108] The EEG is the only technique available to accurately monitor sedation
levels in real-time. One of the issues in developing EEG based sedation level monitors is the
“feature engineering”’: which features should be used to accurately predict sedation states?
Current EEG based sedation level monitors either use a single feature or few expert defined
spectral features to predict sedation levels. Additionally, the addition of remifentanil
significantly decreased the predictive ability of all features as shown in figure 11. Accordingly,
in some instances, a multidimensional approach together with nonlinear machine learning
algorithms can be used by the controller 1400 to generate a robust sedation index and determine

which features to use based on the analysis discussed herein.
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[0109] Except for tree based methods, the performance of all other machine
learning models was significantly influenced by the addition of remifentanil. ET-B is an
ensemble algorithm that develops a predictive model by combining multiple decisions to
decrease bias/variance via bagging or bootstrap aggregation. A highly robust predictive
decision is obtained by majority voting of decisions from individual classifiers in each
ensemble. The ET-B algorithm selected a different combination of features to differentiate
between awake and sedated states. Only four features: BSR, standard deviation of FM, SVDE
and FD were commonly selected in all conditions making it an important feature to predict
sedation levels. It should be noted that only two features from the spectral domain (power in
alpha band and power in beta band) were selected by the ET-B algorithm suggesting that
features derived from the traditional spectral analysis alone are not sufficient to track sedation
levels.

[0110] Accordingly, by pooling data from different drugs, age and sex groups, it is
possible to develop a robust realtime sedation level prediction system using advanced nonlinear
machine learning algorithms. Features derived from traditional spectrogram alone may not be

sufficient to accurately predict levels of sedation.

J.  EEG Hardware System
[0111] FIGURE 12 illustrates a block diagram of an EEG hardware system 1200,

such as Masimo Sedline discussed above. The EEG hardware system 1200 can include an
EEG sensor 1210 with multiple EEG electrodes. In the illustrated embodiment, the EEG sensor
1210 includes 6 electrodes, L1, L2, R1, R2, ground, and reference. The EEG sensor 1210
including the electrodes can be combined as a sensor package 1210 as shown in FIGURE 13.

[0112] The EEG hardware system 1200 can include an EEG-adaptor cable 1220 for
carrying the electrical signals from the EEG sensor 1210 to an adaptor 1230. The EEG adaptor
cable 1220 can include an interface 1302 as shown in FIGURE 3. The interface 1302 can be
reusable and can removable connect mechanically and electrically to the EEG sensor 1210
(which may be disposable in some embodiments).

[0113] The EEG hardware system 1200 can include an adaptor 1230 for interfacing
with both the EEG sensor 1210 and a patient monitor 1250. The adaptor 1230 can be a
hardware module including circuits and other hardware components for processing EEG
signals. In an embodiment, the adaptor 1230 can include one or more hardware processors

1232, a memory 1234, and power electronics 1236. The hardware processor 1232 can be

31-



WO 2020/163640 PCT/US2020/017074

programmed to implement the processes described herein for analyzing EEG signals. The
memory 1234 can store instructions that can be executed by the hardware processor 1232. The
memory 1234 can also store system parameters, including predetermined thresholds and
conditions. The power electronics 1236 can include circuits for analog to digital conversion.
The power electronics 1236 can also include filter circuitry for processing EEG signals. Some
of the filters are stored as executable instructions and can be executed by the hardware
processor 1232. The adaptor 1230 can generate outputs based on the received EEG signals and
transmit the generated output to the patient monitor 1250. In some embodiments, the hardware
processor 1252 of the patient monitor 1250 does not need to process any of the EEG signals.
The patient monitor 1250 can receive the generated output for display or calculation of other
health parameters. The adaptor 1230 and the patient monitor 1250 can be coupled with the
adaptor-monitor cable 1240. The adaptor-monitor cable 1240 can include an interface 1304 as
shown in FIGURE 13 to connect to the patient monitor 1250. In some embodiments, the EEG
hardware system 1200 does not include an adaptor 1230 and the EEG adaptor cable 1220 can
directly connect to a patient monitor 1250. The patient monitor 1250 can process the EEG
signals and execute processes described herein instead of the adaptor. In some embodiments,
the hardware processor 1252 of the patient monitor 1250 can process the EEG signals and
execute processes described herein in combination with the adaptor 1230.

[0114] The patient monitor 1250 can be a multi-parameter patient monitor for
processing and analyzing sensor signals. The patient monitor 1250 includes one or more
hardware processors 1252, a memory 1254, a display 1256, and power electronics 1258. The
hardware processors 1252 of the patient monitor can be programmed to execute instructions
stored in either an onboard memory of the adapter 1234 or the memory 1254 of the patient
monitor. The patient monitor 1250 can also include a display 1256 that can display health
parameters and graphs generated from the analysis of the received raw EEG signals or signals
processed by the adaptor 1220.

[0115] FIGURE 13 illustrates an embodiment of the EEG hardware system 1200
including the sensor 1210, adaptor 2130, the EEG-adaptor cable 1220, and the adaptor-monitor
cable 1240. In an embodiment, sensor 1210 includes the L1 electrode, the L2 electrode, the
R1 electrode, the R2 electrode, the reference electrode, and the ground electrode. The patient
monitor 1250 is not shown in the illustrated figure.

[0116] FIGURE 14 illustrates an embodiment of a controller 1400 for processing
EEG signals captured from multiple channels corresponding to the electrodes of the EEG

sensor 1210 attached to a patient. The controller 1400 can include one or more engines for
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processing, analyzing, and transforming the EEG signals into outputs that are readable by a
clinician as illustrated in FIGURE 4 and described below. The engines and other aspects of
the controller 1400 can include programmed instructions capable of being executed on the one
or more hardware processors 1252 and/or 1232 as shown in FIGURE 12. The programmed
instructions can be stored in a memory. The programmed instructions can correspond to the
processes described herein. The engines and other aspects of the controller 1400 may also be
implemented in a combination of hardware, such as circuits, FPGA, ASICs and the like and
programmed instructions. In some embodiments, the controller 1400 operates the engines in
parallel on the one or more hardware processors.

[0117] The controller 1400 can include a signal collection engine 1410 for
collecting and storing EEG signals in a memory. In an embodiment, the signal collection
engine 1410 can store a circular buffer of EEG signals in a memory, which can refer to the
memory 1234 or 1254 or a combination. The circular buffer can be 1.2 seconds. In other
embodiments, the circular buffer can be more than 1.2 seconds, such as 2.4 seconds, 5 seconds,
10 seconds or more. Yet, in other embodiments, the circular buffer can be less than 1.2 seconds.

[0118] The controller 1400 can also include a display engine 1404. The display
engine 1404 can generate a user interface for displaying the DSA on a display 1256 of the
patient monitor 1250. In an embodiment, the display engine displays a state of sedation for the
patient as determined above by the machine learning models. The display engine 1404 can
also generate graphs and health parameters for display based on the determined state of
sedation.

[0119] In some instances, the controller 1400 can include a Feature Extraction
Engine 1412 to extract the QEEG features (as shown in Table 1 above) from the EEG signals.

[0120] As discussed herein, the terms “sedation level”, “patient state indicator”,
and “sedation index” and the like are used interchangeably and refer to an indicia of
measurement that is measured and tracked internally by the controller 1400. The patient state
indicator can be a numerical value, a textual description, a color indicator, or the like. In an
embodiment, the patient state indicator is based on a numerical scale from 0 to 100, where 100
would represent an awake state and a lower number would indicate that a patient is likely in
one of the sedated states. The patient state indicator may also be a textual description indicating
that the patient is awake, in light sedation, moderate sedation, deep sedation, or the like. One
of ordinary skill in the art will understand that in some embodiments, the patient state indicator
may be expressed as both a numerical indicator and as a textual description and/or the like at

the same time. One of ordinary skill in the art will also understand that a patient state indicator
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or sedation index that is expressed as a numerical value can be converted to a textual
description, color indicator, or the like. The patient state indicator or sedation index can
provide a measure for the state of consciousness of a patient. The models described above
provide rules for improving the automatic determining of the patient state indicator. For
example, in some instances, certain machine learning models were found to provide a better
estimate (as discussed above. Moreover, certain features were also found to provide a better
estimate across a diverse cross-section. The rules improve the correlation between the patient
state indicator and the physiological state of the patient. Accordingly, caregivers can use the
patient state indicator to guide them while treating a patient undergoing anesthesia. For
example, if the indicator shows that the patient is coming out of anesthesia prematurely, the
anesthesiologist can increase dosage. Furthermore, the anesthesiologist can also use the index
to monitor and deliver the sedative drug. Accordingly, the models described above improve
the determination of sedation index and correspondingly improve the field of medicine and the

treatment provided to a patient.

K. Terminology

[0121] Embodiments have been described in connection with the accompanying
drawings. However, it should be understood that the figures are not drawn to scale. Distances,
angles, etc. are merely illustrative and do not necessarily bear an exact relationship to actual
dimensions and layout of the devices illustrated. In addition, the foregoing embodiments have
been described at a level of detail to allow one of ordinary skill in the art to make and use the
devices, systems, etc. described herein. A wide variety of variation is possible. Components,
elements, and/or steps can be altered, added, removed, or rearranged. While certain
embodiments have been explicitly described, other embodiments will become apparent to those
of ordinary skill in the art based on this disclosure.

' "o

[0122] Conditional language used herein, such as, among others, "can," "could,”

" " LI

"might," "may," “e.g.’

)

and the like, unless specifically stated otherwise, or otherwise
understood within the context as used, is generally intended to convey that certain
embodiments include, while other embodiments do not include, certain features, elements
and/or states. Thus, such conditional language is not generally intended to imply that features,
elements and/or states are in any way required for one or more embodiments or that one or

more embodiments necessarily include logic for deciding, with or without author input or
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prompting, whether these features, elements and/or states are included or are to be performed
in any particular embodiment.

[0123] Depending on the embodiment, certain acts, events, or functions of any of
the methods described herein can be performed in a different sequence, can be added, merged,
or left out altogether (e.g., not all described acts or events are necessary for the practice of the
method). Moreover, in certain embodiments, acts or events can be performed concurrently,
e.g., through multi-threaded processing, interrupt processing, or multiple processors or
processor cores, rather than sequentially.

[0124] The various illustrative logical blocks, modules, circuits, and algorithm
steps described in connection with the embodiments disclosed herein can be implemented as
electronic hardware, computer software, or combinations of both as discussed above.

[0125] While the above detailed description has shown, described, and pointed out
novel features as applied to various embodiments, it will be understood that various omissions,
substitutions, and changes in the form and details of the devices or algorithms illustrated can
be made without departing from the spirit of the disclosure. As will be recognized, certain
embodiments of the inventions described herein can be embodied within a form that does not
provide all of the features and benefits set forth herein, as some features can be used or
practiced separately from others. The scope of certain inventions disclosed herein is indicated
by the appended claims rather than by the foregoing description. All changes which come
within the meaning and range of equivalency of the claims are to be embraced within their

scope.
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WHAT IS CLAIMED IS:

1. A method for generating a sedation level estimate, the method comprising:
receiving an electroencephalography (EEG) signal from a sensor electrode
attached to the patient, the EEG signal comprising a plurality of channels;
segmenting the EEG signal into smaller epochs for each channel;
extracting features of the EEG signal in each epoch;
determining a median of features among the plurality of channels for each
epoch;
determining, by a classifier, a probabilistic estimate of a patient sedation;
generating, using a determined correlation, a sedation level estimate, the
sedation level estimate comprising a continuous sedation score; and
displaying an indication of the sedation level estimate.
2. The method of claim 1, wherein an epoch comprises 4 seconds.
3. The method of claim 1, wherein the features comprise quantitative
electroencephalogram (QEEG) features.
4. The method of claim 3, wherein extracting features comprises extracting at least
44 QEEG features.
5. The method of claim 1, wherein classifier comprises a binary classifier trained
by machine learning.
6. The method of claim 5, wherein the binary classifier is trained using awake and
sedated epoch data, the awake and sedated epoch data comprising a plurality of epochs having

sedation scores.

7. The method of claim 5, wherein the sedation scores comprise a score on a scale
of O to 5.

8. The method of claim 5, wherein the sedation scores comprise MOAA/S scores.

. The method of claim 1, wherein the determined correlation comprises a

correlation between the probabilistic estimate of the patient sedation and a sedation score.

10. The method of claim 9, wherein the determined correlation comprises a
spearman rank-correlation.

11. A sedation level estimation system, the system comprising:

a patient monitoring system comprising a first display;

one or more hardware processors configured to:
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receive an electroencephalography (EEG) signal from a sensor electrode
attached to the patient, the EEG signal comprising a plurality of channels;

segment the EEG signal into smaller epochs for each channel;

extract features of the EEG signal in each epoch;

determine a median of features among the plurality of channels for each epoch;

determine, by a classifier, a probabilistic estimate of a patient sedation;

generate, using a determined correlation, a sedation level estimate, the sedation
level estimate comprising a continuous sedation score; and

cause to display an indication of the sedation level estimate on the first display.

12. The system of claim 11, wherein an epoch comprises 4 seconds.

13. The system of claim 11, wherein the features comprise quantitative
electroencephalogram (QEEG) features.

14. The system of claim 13, wherein to extract features, the one or more hardware
processors are configured to extract at least 44 QEEG features.

15. The system of claim 11, wherein classifier comprises a binary classifier trained
by machine learning.

16. The system of claim 15, wherein the binary classifier is trained using awake and
sedated epoch data, the awake and sedated epoch data comprising a plurality of epochs having

sedation scores.

17. The system of claim 15, wherein the sedation scores comprise a score on a scale
of Oto 5.

18. The system of claim 15, wherein the sedation scores comprise MOAA/S scores.

19. The system of claim 11, wherein the determined correlation comprises a

correlation between the probabilistic estimate of the patient sedation and a sedation score.
20. The method of claim 19, wherein the determined correlation comprises a
spearman rank-correlation.
21. A method of selecting a subset of EEG features for use in an electronic
determination of sedation state across a plurality of drugs, said method comprising:
receiving EEG signal data from an EEG sensor for a plurality of administered
drugs;
associating a human determined sedation score corresponding to patient’s

sedation state with the received EEG signal data;
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selecting EEG signals with the associated human determined sedation score that
has a high degree of confidence;
extracting a plurality of features from the selected EEG signals;
training the plurality of features with the corresponding human determined
sedation scores; and
identifying a set of features with a high degree of correlation based on the
training.
22. A method of determining sedation state of a patient, the method comprising:
receiving EEG signal data from an EEG sensor;
extracting features from the received EEG signal data;
applying non-linear machine learning model to the received EEG signal data;
and
determining the sedation state based on the application of the non-linear
machine learning model.
23. The method of Claim 22, wherein the non-linear machine learning model
comprises ensemble tree with bagging model.
24. The method of Claim 22, wherein the non-linear machine learning model
comprises random forest model.
25. The method of Claim 22, wherein the non-linear machine learning model
comprises support vector machine with Gaussian kernel model.
26. The method of Claim 22, wherein the non-linear machine learning model
comprises elastic net logistic regression.
27. The method of Claim 22, wherein the features comprise at least power in alpha
band and power in beta band.
28. The method of Claim 22, wherein the features comprise at least BSR, standard
deviation of FM, SVDE and FD.
29. A system of determining sedation state of a patient, the system comprising one
or more hardware processors configured to:
extract features from processed EEG signal data;
apply non-linear machine learning model to the received EEG signal data; and
determine the sedation state based on the application of the non-linear machine
learning model.
30. The system of Claim 29, wherein the non-linear machine learning model

comprises ensemble tree with bagging model.
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31. The system of Claim 29, wherein the non-linear machine learning model
comprises random forest model.

32. The system of Claim 29, wherein the non-linear machine learning model
comprises support vector machine with Gaussian kernel model.

33. The system of Claim 29, wherein the non-linear machine learning model
comprises elastic net logistic regression.

34, The system of Claim 29, wherein the features comprise at least power in alpha

band and power in beta band.

35. The system of Claim 29, wherein the features comprise at least BSR, standard

deviation of FM, SVDE and FD.
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