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Abstract

Assessing the depth of anesthesia (DoA) is a daily challenge for anesthesiologists. The best assessment of the depth of anes-
thesia is commonly thought to be the one made by the doctor in charge of the patient. This evaluation is based on the integra-
tion of several parameters including epidemiological, pharmacological and physiological data. By developing a protocol to
record synchronously all these parameters we aim at having this evaluation made by an algorithm. Our hypothesis was that
the standard parameters recorded during anesthesia (without EEG) could provide a good insight into the consciousness level
of the patient. We developed a complete solution for high-resolution longitudinal follow-up of patients during anesthesia. A
Hidden Markov Model (HMM) was trained on the database in order to predict and assess states based on four physiological
variables that were adjusted to the consciousness level: Heart Rate (HR), Mean Blood Pressure (MeanBP) Respiratory Rate
(RR), and AA Inspiratory Concentration (AAFi) all without using EEG recordings. Patients undergoing general anesthesia
for hernial inguinal repair were included after informed consent. The algorithm was tested on 30 patients. The percentage of
error to identify the actual state among Awake, LOC, Anesthesia, ROC and Emergence was 18%. This protocol constitutes the
very first step on the way towards a multimodal approach of anesthesia. The fact that our first classifier already demonstrated
a good predictability is very encouraging for the future. Indeed, this first model was merely a proof of concept to encourage
research ways in the field of machine learning and anesthesia.
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1 Introduction

The three commonly admitted goals of anesthesia are lack of
experience of surgery, nociceptive blockade and immobility
for the needs of surgery [1]. Depth of Anesthesia (DoA) has
been defined by experts as "the probability of non-response
to stimulation, calibrated against the strength of the stimu-
lus, the difficulty of suppressing the response, and the drug-
induced probability of non-responsiveness at defined effect
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site concentrations" [2]. When consciousness does not dis-
appear totally, the patient may be aware of the intervention
and keep memories of the surgery. This condition, named
“intraoperative awareness with explicit recall”, however rare,
may cause post-operative stress disorder [3].

In that context, the gold-standard to quantify brain activ-
ity, during anesthesia, remains the electroencephalogram
(EEG). Hence, several monitoring systems using EEG-based
index have been proposed for DoA assessment, but they all
have limitations [4]. Besides, no point-of-care gold stand-
ard monitoring prevails for the DoA. The most used index
is the Bispectral Index, (BIS, Covidien, Boulder, CO) pro-
posed in the 2000s by an American company as a measure
of the effect of anesthetics on the brain [5, 6]. The Bispectral
Index provides a numerical value from O to 100 (no cerebral
activity to awake and responsive) allowing for more accurate
tailoring of the anesthetics administered. The usual numeri-
cal value for a surgical anesthesia lies between 40 and 60,
whereas values <40 indicate over-dosage of anesthetics and
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values > 80 lack of anesthetics. Despite being largely used,
mostly in the US, DoA’s monitor presents several drawbacks
such as high inter-individual variability [7], low performance
with volatile anesthetics [8], long latency and interferences
with surgical knife, artifacts from movements or from forced
air warming therapy [9]. Another EEG-based index is the
Sample-entropy introduced by Richman et al. [10]. It is a
variant of the approximate entropy that gives information
on the complexity of a time series such as an EEG signal.
Altogether then, although the EEG remains to these days
the gold standard for the evaluation of the DoA it has some
limitations and it is time consuming. Additional sensors
would be useful. This may explain why, in routine clinical
context, the best evaluation of the DoA is often deemed to
be the one completed by the anesthesiologist. Therefore, a
DoA monitor should ideally provide an evaluation without
the help of the EEG signal.

Compulsory monitoring during the anesthesia includes
heart rate, blood pressure, respiratory and muscle function,
but it does not include the main target of the anesthetics i.e.
the brain [11]. To date, only a few teams aimed at evaluat-
ing the DoA using multiple parameters analysis. In 2014,
Schneider et al. developed the Anesthesia Multimodal Index
of Consciousness (AMIC) [12]. Their model included demo-
graphic data from the patients, the nature and quantity of
the drugs injected and standard physiological signals such
as heart rate, mean arterial blood pressure and EEG sig-
nals (Approximate entropy or Weighted spectral median
frequency). It demonstrated a significantly better predictive
value of the DoA compared to BIS values. In this study,
the sampling rates for analysis of the physiological signals
ranged between 10 s to 5 min. Their results are promising
but we believe that increasing the sampling rate is critical
in order to develop a real time approach. More recently, two
studies have shown that artificial neuron networks fed with
several standard parameters recorded during anesthesia
could assess the DoA [13, 14]. Sadrawi et al. used values
sampled every 5-s on average (0.2 Hz), for both the EEG
data and the physiologic parameters. In 2012, Liu et al.
developed the University of Queensland Vital Signs Data-
set [15], aimed at recording continuous monitoring values
during anesthesia. Their recording was limited to 10 min,
which does not allow proper recording of anesthesia proce-
dures. Finally, databases have been used for a long time in
anesthesiology but mainly to assess risks [16] and improve
safety in anesthesia practices [17].

In the present study, we have tried to combine these dif-
ferent approaches. First, we continuously recorded at high
frequency the physiologic parameters routinely monitored
during anesthesia, including a 2-channel EEG in order to
build a database of properly labeled variables. Then using
a machine learning approach, we successfully used that
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database to create an algorithm aimed at determining the
DoA without relying on EEG data.

2 Methods
2.1 Participants

The study was conducted in the Begin military teaching hos-
pital, Saint-Mandé, France. The study has been approved by
Pr. JE BAZIN, head of the institutional ethical review board
of the French society of anesthesiology (SFAR) under the
number IRB 00010254-2016-2018. The patient criteria of
inclusions were: 18 years of age minimum, inguinal hernia
repair under general anesthesia, acceptance of the patient
with low comorbidity score (patient classified ASA 1 or 2)
and written informed consent given by the patient.

2.2 Anesthesia protocol

All patients were pre-oxygenated via face-mask by 100%
oxygen for at least 3 min before induction. SUFENTANIL
0.3 pg/kg was injected rapidly followed, 3 min later, by
2-4 mg/kg of PROPOFOL in combination with KETA-
MINE 20 mg. When required for the surgery, patients were
paralyzed following induction with a bolus of 0.17 mg/kg of
CISATRACURIUM. After tracheal intubation, patients were
ventilated with tidal volume of 6 mg/kg ideal-body weight,
5 cmH, 0 Positive end-expiratory Pressure (Peep) and a res-
piratory rate between 10 and 14 to maintain EtCO, between
30 and 40 mmHg. Anesthesia was maintained with SEVO-
FLURANE MAC age-adjusted (e.g. 1.0). Dose adjustments
were made by the anesthesiologist in charge of the patient
depending on clinical variables available. Once asleep,
patients received a transversus abdominis plane block with
single bolus dose of ROPIVACAINE 150 mg.

2.3 Equipments
2.3.1 Hardware

Personal computer: Any of the three classics OS: Win-
dows, Macintosh and Linux were accepted.

Monitoring device: In the Begin military teaching hos-
pital, each room in the intensive care unit or in the operat-
ing theatre is equipped with a multi parametric monitor-
ing device called a scope and more precisely a Carescape
monitor B850, from General Electrics (GE) Healthcare™
Finland Oy, Helsinki, Finland. The common monitoring
includes Electrocardiogram (EKG), Arterial Pulse Oxym-
etry (SpO,), Non-invasive or Invasive Arterial Blood Pres-
sure. Optional monitoring offers more possibilities, such
as gas analysis, EEG, plethysmography, BIS or Entropy.
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These variables can be monitored separately and displayed
on a touch-screen monitor in real time.

2.3.2 Software

VSCapture: In 2013, John Georges Karippacheril pub-
lished a letter presenting the open-source VSCapture soft-
ware [18], a C# program available in SourceForge, an on-
line Web-based service. After a slight modification, this
software was used to record and save all the data presented
in Table 1 at the specified sampling frequencies imposed
by the sensors specificities. Importantly, all the recorded
variables were synchronized within the GE scope, which
allowed for a precise correlation between the different
parameters.

Python and Matlab™: Libraries for preprocessing
and signal analysis were: for Python—numpy, scipy, mat-
plotlib. for Matlab™—Signal Processing Toolbox.

Table 1 Variables in the acquisition classified by modules

Variables Units abbreviation

EKG—300 Hz EKG
Electrocardiogram 1 \%

E-EEG module—100 Hz EEG
Electroencephalogram 1 2 \%

Basics module—1 Hz HR
Heart rate /min
Systolic arterial blood pressure mmHg  SBP
Diastolic arterial blood pressure mmHg DBP
Mean arterial blood pressure mmHg MBP
Saturated percentage of dioxygen /100%  SpO,

Gas analysis module—1 Hz Et CO,
End tidal carbon dioxide mmHg
Anesthesia agent AA
AA expiratory concentration /100%  AAEt
AA inspiratory concentration /100%  AAFi
Total minimum alveolar concentration  /100%  AA MAC SUM
Fraction inspired of dioxygen /m Fi O,
Mean alveolar concentration /m MAC
Fraction inspired nitrous oxide /m FiN,
End tidal nitrous oxide /m EtN,O
Respiratory rate /min RR

BIS module—1 Hz BIS
Bispectral index
BIS burst suppression ratio % BIS BSR
BIS electromyography dB BIS EMG
BIS signal quality index % BIS SQI

2.4 Measurements

In order to perform multimodal analysis, the EKG and all the
physiological variables routinely followed up for anesthesia
(Table 1) were included in the recording. EEG was added to
characterize objectively the state of consciousness [19, 20].

2.4.1 Electroencephalogram (EEG)

EEG signal is the reference measurement for the monitoring
of brain electrical activity [21-24]. We used a 2-channel
EEG recorded at 100 Hz using the optional module E-EEG
sold by GE™. Channels F4-A1 and C4-Al were selected
because of their ease of installation and their appropriate
position on the scalp for anesthesia assessment (Fig. 1).
Indeed, several studies have demonstrated sustained modi-
fications in the anterior part of the brain under general anes-
thesia [25, 26]. During a classical intervention involving
sevoflurane, the frequencies of interest are below 30 Hz [27].
For this reason, the sampling rate of the EEG-100 Hz—was
considered suitable for the present study.

2.4.2 Electrocardiogram (EKG)

The EKG provides a continuous and real time representation
of the electrical activity of the heart due to variations of the
myocyte cells potential. The technical specifications of the
device allow recording all EKG channel at 300 Hz. Monitor-
ing the heart’s electrical activity during general anesthesia is
a legal requirement and it is recommended by the American
Society of Anesthesiologists® (ASA).

2.4.3 Physiological variables

Physiological variables were recorded at 1 Hz in their
respective unit. During a general anesthesia for a low-risk
patient, the 22 variables presented in Table 1, were chosen as
they included all the monitoring recommended by the ASA
for anesthesia practice. Other variables were also recorded,

Reference

Fig.1 EEG montage with standard reference and mass positions.
EEG 1 thus corresponds to F4-A1 and EEG 2 to C4-Al
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such as ST-segment measurement, temperature and entropy.
They are presented in Table 1.

2.5 Stepwise procedure
2.5.1 Materials needed

2.5.1.1 GE™ Carescape monitor B850 Different modules
added to the GE™ Carescape monitor to record the desir-
able variables as presented in Table 1.

Four dry electrodes—two for the EEG recording, one
for the mass and one for reference—connected to the EEG
module.

One computer with the VSCapture software installed.
Note that because of C# architecture, the software can run
on all OS (Linux, Windows or Macintosh).

2.5.2 Sensors installation

For EEG recording, the scalp of each patient was cleaned
with an abrasive cleaning fluid (Reegaponce pasta®; MEI,
Toulon, France); low-impedance electrode pasta (Grass EC2
electrode cream®; Astro-Med, Warwick, Rhode Island,
USA) was placed under a re-usable Capsulex electrode
(Micromed Spa®, Mogliano Veneto, Italy). Electrodes
impedance was kept under 2 kohm to ensure a proper EEG
recording with minimal noise. The placement of the four
electrodes are illustrated in Fig. 1.

2.5.3 Connectivity

The four usb ports of the GE™ Carescape monitor B850 are
USB 2.0 ports. The computer was connected to the scope
via a VGA/USB cable plugged on the monitor’s second or
third usb port. The first usb port is often used for the tactile
keyboard and therefore should be avoided. The fourth usb
port should also be avoided because its data transfer rate is
smaller than for the three others.

2.5.4 Acquisition

Once VSCapture was started and the appropriate usb port
was selected, recordings began automatically. Four.csv
files were created: one for each EEG channel, one for the
EKG channel and one for all the physiological variables.
Another file, named "AS3Rawoutputl.raw" was automati-
cally created but had no specific utility for our purpose and
was deleted at the end of the recording. The first column
of data displayed the time sampling and the other columns
displayed the values of the recorded variables. All the files
were collected in a folder called "Data", which was created
at each launch.
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2.6 ldentification of the brain state without EEG
data

2.6.1 Hidden Markov model (Fig. 2)

Formally, a (finite-state) Markov chain is a tuple
(S,T, ) where S is a finite set of states, T is the transi-
tion matrix such as T(s,5) = P(S,,, =sV S, =3) and 7
is the initial distribution. The main property of a Markov
chain can be expressed as "The future is independ-
ent of the past given the present”. In mathematical term,
P(S =5VS,) =P(Sy; =5VS,,....5). Thus, a HMM
is a more complex Markov chain where states S, € S can-
not be directly observed. However, the model is supposed
to provide observations carrying information about the
states. Observations O; € O give an assumption on those
hidden states via a distribution P(Si Vv 0;) which is the
probability of a state S; given a particular observation O,.
For instance, the probability to be in state Anesthesia if we
observe all the variables equals to 0. Hence, a HMM is a
tuple (S, T, O, B, r) where B is a stochastic matrix such as
B(s,x) = P(0; = xV §; = 5). Observations were encoded
with thresholds obtained by the calculation of the percen-
tiles. This operation discretized the observations to construct

J4!

q1 P4

q0

Emergence

Anaesthesia

Po

g3

b3

Fig.2 Diagram of the HMM process. The 5 stages of the conscious-
ness are represented. LOC and ROC are respectivley “Loss Of Con-
sciouness” and “Recovery of Conciouness”. At each stage i there is
a probability pi to stay in this stage or gi to go in another one. The
HMM model assess the values of (pi)i to predict the most probable
sequence of stages of a patient during the surgery
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the Belief matrix B. To improve the model given in [28] an
additional preprocessing was necessary for optimal results.
As each patient was unique, thresholds values needed to
be personalized. A low value for a patient could be a high
value for another patient. Note that, a tradeoff is necessary
between the refinement of the model and the accuracy of the
estimate probability. Indeed if the set of observations O is
large, learning the probabilities is undermined.

2.6.2 EEG validation

EEG has been widely studied and several tools are validated
for its interpretation during anesthesia. In the signal pro-
cessing landscape, Fourier theory is one of the most popu-
lar tools. Another one is the Wavelet theory. It is used for
epilepsy detection [29], EEG classification [30] and can
help quantifying brain activity [31]. Temporal Series and
auto-regressive processes could also provide solutions for
an approximation of the frequency domain [32].

EEG analysis should be performed by using appropriated
mathematical tools based on time—frequency decomposition
(Fig. 3). This implies recognizing actual waves, which are
presented in Table 2.

Before any transformations and frequencies extraction of
the signal we filtered it with a Butterworth bandpass filter
of order 5 between 1 and 20 Hz. This filtering removed the
potential drift below 1 Hz, to keep the frequencies character-
izing GA and to remove any noise over 20 Hz.

The spectrogram representation is certainly the easiest
and fastest way to analyze an EEG and to present the data.
Indeed, it is common to use it to visualize the variations in
time and frequency of a signal. For instance, let s be a sig-
nal, sampled at frequency rate f, and composed of N sam-
ples. Let s[n] be the value of s at sample n € [[0,N — 1]].

Table 2 Definitions of

. . Waves Frequencies (Hz)
waves with their names and
frequencies 5- Delta 0-4
6- Théta 4-8
a- Alpha 8-14
f- Béta >14

Literature brings several fre-
quency intervals definition for
waves. We are presenting the
most commonly accepted values
for the different waves

Given a window size N,,, and a hop size N,, we denote
by s@ the sub-signal of length N,, and starting at sample
iN,, i.e.

s =s[iN, : iN, + N, — 1],

The spectrogram representation is based on the calcula-
tion of the squared Discrete Fourier Transform (DFT) on
the overlapping sub-signals s®. It can be represented as a
matrix with coefficients equal to

spectro{s}[i, k] = 'Z;Vi;lw[n]s(i)[n]e‘zi”k”

where i is the frame number, & is the frequency bin associ-
ated with physical frequency f = Ni -f, and w is a window of

length N,,. This computation requires the choice of one win-
dow w, a window length N,, and a hop size N,,.

In the spectrogram produced in Fig. 4, each stage is
easy to characterize. A classical window function called
Hanning window or Hann window has been chosen. The
window length N, was set to 2'/100=10.24 s and the
overlapto N, =N, /2 =5.12s.

Fig.3 EEG signal of a patient —~ 2000
during two different periods of >1
time. On top, the signal cor- — 1000
responds to an Awake patient %
while below, it represents a sig- = 0
nal during an Anesthesia state o 1000
S
<< -2000
494 496 498 500 502 504
Time (s)
%:L 2000
— 1000
(]
3 0
5 -1000
S
< -2000
2760 2762 2764 2766 2768 2770
Time (s)
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Fig.4 Upper part: Raw spectrogram of a patient before an artifact
removal procedure. Interferences resulted from a saturation of the
measuring tools. Lower part: Typical spectrogram under sevoflurane
after arteact removal procedure. Units are seconds (s) for the time,

The result of the analysis is a sequence, which defined in
time three states during the surgery: the Loss of Conscious-
ness (LOC), the anesthesia and the Recovery of Conscious-
ness (ROC). It allows supervised learning and supervised
exploration for a better understanding of each stage.
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Hertz (Hz) for the frequencies. The Loss of Consciousness (LOC)
stage is delimited by the red lines and the Recovery of Consciousness
(ROC) stage by the orange ones

3 Results

From February to May 2017, 43 patients have been included.
The demographic data of the patients are presented in
Table 3. Only patients with a high-quality EEG recording
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Table 3 Demographic

7 . Measures Values
description of the population
Age (year) 60 (24, 92)
Sex F/M 10720
Weight (kg) 82 (50, 105)
Height (cm) 176 (159, 191)
ASA /11 12/18

The values presented are medi-
ans (minimums, maximums)

(less than 10% of time with artefacts) were included in the
algorithm.

3.1 Identification of depth of anesthesia
through brain activities

In our case, the EEG was used as a groundtruth, to objec-
tively confirm the brain states and compare them with the
predictions. Below are detailed the analysis of the spec-
trograms that allow precise definition of the brain state
throughout the intervention.

Figure 3 displays the EEG signal of a patient during two
different periods of time. On top, the signal corresponds to
an Awake patient while below, it represents a signal during
an Anesthesia state. This example underlines the fact that
identifying the state of anesthesia on the raw EEG signal is
very challenging if not impossible.

Figure 5 displays the typical recording of an unremark-
able general anesthesia for inguinal hernial repair. Under,
the BIS curve was plotted to facilitate the analysis. Power
values of interest varies from approximatively 35 to 60 dB.
As expected, frequencies of interest are under 20 Hz and
Band Frequencies are clearly identifiable in the Figure. A
visual analysis allows an extraction of the different stages
over time. The LOC, referring to the transition from awake
to anesthesia, starts at the beginning of the « wave and ends
at the beginning of the 6 wave (between the red lines). Con-
versely, the ROC started with the disappearance of the 0
wave and finishes when the o band is no longer identifiable
(between white lines). The accurate and objective identifica-
tion of the DoA was possible thanks to the determination of
the waves on the spectrogram. The most important param-
eter are delays of transition which reflect the time for the
different compartments of the brain to get into or out of deep

50 65
N m
Y40 205
20 s
g 20 40*=
o 35 g,
o 10} A : 308
L 3 : s B s SESNALS = = 0 5

% 1000 2000 _ 3000 4000 5000 6000
Time (s)
100
90| Kl /
80
70 - f
N 60 | e
o ' T, jakl
20 | m M’V\N‘WWMWWM%WWMW*WWMW;WW -
30
205 1000 2000 3000 4000 5000 6000
Time (s)

Fig.5 On top, typical spectrogram during an anesthesia main-
tained by sevoflurane. Units are second (s) for time, Hertz (Hz) for
frequency. The power in each band was then logarithmically trans-
formed so that all spectral power was expressed in decibel (dB).

Under, BIS curve during anesthesia of the same patient. The Loss
of Consciousness (LOC) stage is delimited by the red lines and the
Recovery of Consciousness (ROC) stage by the orange ones

@ Springer



Journal of Clinical Monitoring and Computing

anesthesia. It should be noticed that such clear spectrograms
are possible because EEG was recorded with dedicated EEG
electrodes and not extracted from the BIS sensors. This is
not trivial as many researches are being performed with val-
ues derived from BIS sensor with a lower quality of signal.
Figures 3 and 4 show two different ways of analyzing an
EEG during an anesthesia for a single patient. In Fig. 3, the
upper part presents the raw EEG of an awake patient, con-
trary to the lower part where the patient is asleep. A precise
discrimination between the two states would have been hard
if based only on those signals. Nevertheless, the absolute
value of the amplitude of the signal during the awake stage
is lower than during the anesthesia stage.

It is instructive to compare the BIS curve with our data.
They often confirm the diagnosis of the stage determined
by the EEG recordings. But sometimes, the BIS values are
not well correlated with the stage of consciousness of the
patient. It is the case at > 900 s where values of the BIS
became inexplicably high (Fig. 5). Transitions stages LOC
and ROC were detected by the BIS with a consequent
delay—1 min in our case. More precisely, the estimated
probability of good detection of LOC before this delay is
less than a 50/50 chance and is equals to 0:455 [33].

Discretization of the HR
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3.2 ldentification of anesthesia state
with physiological variables

3.2.1 Individual discretization process

Each observation consisted of quadruplets HR, MBP, RR,
AAE- discretized using 3 thresholds and taking their val-
ues in the set {0, 1, 2, 3} - where O represents low values,
and 3 high values. The discretization was calculated using
Ckmeans, a clustering algorithm based on K-means which
has been proven to outperform it in the one-dimensional
case [34].

We made an exception for AAEt, which was discretized
according to common anesthetic heuristics (i.e. with thresh-
olds between 1 and 3%). The purpose of this calibration
procedure was (1) to reduce the inter-patient variability
while keeping the intra-patient variability by mapping simi-
lar physiological states into the same discretized state—a
key part of the problem, as incoherent discretization led to
contradictory events, (2) to train a model that automatically
adapts to the demographic characteristics of patients (e.g.
age, height, weight, BMI). An example of discretization is
displayed in the Fig. 6.

Discretization of the Mean BP

£100
€
£
o 50
3
©
z 0
0 1000 2000 3000 4000
3
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©
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0
0 1000 2000 3000 4000
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Discretization of the AAEt
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3
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©
O1
0
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Fig. 6 Example of a discretization on the four variables, HR, MBP, RR and AAEt. For each variable, on the top the raw signal recorded by the
monitor during the GA. On the bottom, its discretization in four classes via CKmean
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3.2.2 Confusion matrix

We evaluated the performance of our algorithm using a
confusion matrix. Each row of this matrix represents the
predicted class while each column represents the true class.
Hence, the value in the row i column j is the number of
points predict in class i while they are actually in class j.
The Fig. 7 panel A presents the matrix of confusion with
the four variables included. The colour ranges from white
(low value) to dark blue (high value). We can see that, even
if the algorithm failed to predict the true class, its errors
are mostly made on close classes. To emphasize that the
model is not based only on the variable AAEt, this vari-
able has been removed from the model and the confusion
matrix is reevaluated (Fig. 7 panel B). We see that even
without the AAEt variable, the model is able to return accu-
rate predictions.

3.2.3 Performance of the algorithm

To assess the performance of the algorithm, we randomly
separated the dataset in train and test sets. We progressively
increased the number of patients in the train set and assessed
its performance on patients of the test set. We observed that
the performance stopped to improve after the inclusion of
20 patients.

Figure 8 displayed the prediction of the model for one
patient. The important information of this figure is the delay

A. Confusion matrix with Heart Rate, MeanBP, AA_ET, and RR

Awake ] 5833 1399 143 0 0
loc] 974 1040 1015 0 0
o
Qo
g Anesthesia { 166 1778 26518 5745 3259
=
2
rocdl ¢ 0 1660 508 2231
Emergence - 0 0 1125 2242 1610
< @ @ @) 12
& RS & &8 <
v & &
¢ &
v <

Predicted label

Fig.7 Panel A: Confusion matrix when considering the four vari-
ables HR, MBP, RR and AAEt. Panel B: Confusion matrix when con-
sidering the three variables HR, MBP, RR. The rows are related to
the True label and the columns are related to the predicted ones. The

required to anticipate a change of state. One possibility to
evaluate this model and its capacity to predict states on new
patients is to use a leave-one-out technique. For each evalu-
ation, one patient is put aside and the tuple of the HMM is
learned on the others. The error of prediction is calculated
on this single patient. Finally, the global error amounts to the
average of all the previously computed errors. We used this
algorithm on 30 patients under general anesthesia for ingui-
nal hernial repair [35]. The goal was to objectively identify
the actual state among Awake, LOC, Anesthesia, ROC and
Emergence. Each variable was divided as discussed above.
The percentage of error for the prediction was 18%. The
good performance obtained by our algorithm should be
interpreted cautiously as only 30 patients were analyzed in
this preliminary work.

3.3 Electrocardiogram segmentation: automatic
QRS complex detection

The Electrocardiogram signal (EKG) is characterized by five
mains waves referred as P, QRS complex (three waves) and
T. Each one has a specific role during the cardiac cycle and
their abnormalities will lead to different diagnoses [36] or
arrhythmia [37]. To date, the gold-standard of EKG analysis
remains human analysis, except in specific situations such
as continuous ST-segment monitoring during anesthesia of
high-risk cardiac patients [38]. The PR interval is known
to be linked to the autonomic nervous system [39]. Drugs

B. Confusion matrix with Heart Rate, MeanBP, and RR

Awake 4 5278 2097 0 0 0
Loc{ 823 1524 682 0 0
D
Q
S pnesthesia ] 536 3917 RGN 7944 3464
()
>
=
rRoc{ O 0 1319 322 2758
Emergence{ O 0 1144 2299 1534
(4 (@] 2 ¢ e
q(13"' NS & 0 &
¥ F S
& <&
¥ <

Predicted label

value in the row i column j is the number of points predict in class i
while they are actually in class j. The colour ranges from white (low
value) to dark blue (high value)
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Fig. 8 In green the states of a patient during the surgery. In blue, the prediction of the HMM regarding of the physiological variables

used during anesthesia are blocking the autonomous tone,
explaining in a large part the side-effects of anesthesia [40].
An automatic and real time detection of the PR interval
appears potentially interesting. We present in Fig. 9 some
results of an automatic detection of QRS complex with a
Pan and Tompkins filtering [41].

4 Discussion

We proposed here a full protocol for high-resolution moni-
toring of the anesthetized patient. The three key practices in
this work overlapped: the setting of sensors, the installation
of all the devices and a solution to extract relevant informa-
tion from the data. The confrontation with already published
data proved the high quality of the recordings.

Our recording channel has proved its use with the predic-
tive model that we developed. Despite being very prelimi-
nary, implementation of robust machine learning algorithm,
allowed prediction of the DoA in our cohort with a percent-
age of error of only 18%. This algorithm used commonly
monitored variables (HR, MBP, RR, and AAEt) and no
cerebral variable to identify the DoA, which constitutes an
original approach.

This constitutes the very first step on the way towards a
multimodal approach of anesthesia. We believe that such
a clean way to record high-resolution parameters during
anesthesia will help researchers working on multiparametric

@ Springer

approaches. For example, it has been hypothesized that cer-
ebral autoregulation was impaired during general anesthesia
[42] with a potential role in Post Operative Cognitive Dys-
function [43]. Thanks to our model, we would be able to test
this hypothesis.

For a daily practice of anesthesia, an ideal DoA’s moni-
tor would provide a real-time evaluation without EEG and
with a short-delay. In [28], where this protocol was used,
an Hidden Markov Model (HMM) was trained in order to
predict and assess states with only three physiological vari-
ables that were modified according to the level of conscious-
ness: Heart Rate (HR), Mean Blood Pressure (MeanBP),
and Respiratory Rate (RR). The Hidden Markov chain used
can be defined as shown in Fig. 7. It contains the five clas-
sical states, Awake, LOC, Anesthesia, ROC and Emergence
as hidden states and the probability to go from one state to
another. In our model, we assume that transition only occurs
between the current state and the next one. This was con-
sistent with observations, since during the learning process,
event "going back to previous state" was never identified.
The interest of such a model is its ease for training and its
simplicity.

Despite huge progresses in anesthesia, particularly in
the field of pharmacology, assessment of the DoA remains
tricky. DoA is not directly observable and can only be esti-
mated from the knowledge gained from various variables.
The most robust way for DoA assessment in clinical prac-
tice is based on online EEG analysis, particularly the frontal



Journal of Clinical Monitoring and Computing

LA e e A e e
CT TN INCE 1T TN S TN OO TISGEN MM SR TN NS T O TN T TN T M NI TS TSN TN
Time (s)

Q(Q I N /\\TJ/ N\ I N 0 I Jm N I n
== A ey g, ey gV, g
Time (s)

Fig.9 Typical EKG signal where a Pan and Tompkins filtered was
used. On top, a EKG signal on a long time period. In bottom a signal
on a short time period. In red, the QRS complex as found by the algo-

channels [26]. For instance, Bennett et al. [44] showed that
specific features of the EEG can be recognized and inter-
preted by anesthesiologists during a procedure. Our results
are consistent with published data of spectrogram of patients
under sevoflurane [45]. Indeed, extreme situations such as
excessive brain activity or burst suppression state can be
detected with minimal knowledge [46]. It is similar to the
clinical practice of EEG outside of the anesthesia field.
Some major clinical abnormalities such as status epilepticus
can be detected in real-time [47]. But for other states (Loss
of Consciousness (LOC), surgical anesthesia, or Recovery
of Consciousness (ROC)) a precise determination is not
realistic in clinical practice and remains the prerogative of
research.

As a limitation of our work, we have to mention that the
results presented here are drawn from a small population
of 30 analyzed patients. The number of patients included
has been voluntarily limited in order to carefully study
the quality of the data before including more patients. It
is important to note that this number of patients, some-
what small, was nevertheless sufficient to encounter the
most common clinical situations of anesthesia for low-
risk patients. There is no definite data to indicate which
variables to include in the algorithm. To prevent overfit-
ting, we produced the confusion matrix without taking into
account the sevoflurane concentration (AAEt). Even if the

rithm. The green line represents the threshold value and the blue one
the rest of the signal

results are slightly weaker without AAEt, the remaining
three variables still had a good prediction. Thus, not all
the information is "contained" in AAEt. However, as it
improved the results, we chose to keep it in the model.
Other limits of the procedure are set by sensors and more
specifically by electrodes needed to record EEG signals.
For example, all along surgical interventions electronic
devices are continually activated and used. One can men-
tion the electric knife to perform surgery. From this cut-
ter, a notable number of electrical waves emanates, caus-
ing strong interferences in the recording of EEG signals
(Fig. 4). These interferences resulted from a saturation of
the measuring tools and not from frequencies present in
the electrical waves. The use of two well-known solutions
(noise reduction and outliers detection) partially resolved
this problem by removing the corrupted signal [48, 49].

The fact that our first classifier already demonstrated
a good predictability is very encouraging for the future.
Indeed, this first model was merely a proof of concept
and was based on a limited population. It is reasonable to
imagine that results on a wider population will give bet-
ter results. Predicting and ensuring an acceptable level of
anesthesia could permit to decrease the anesthesia dose to
the strict minimum required and therefore decrease the risk
of complications.

@ Springer
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